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Summary

Individualization can be defined as the adaptation of instructional parameters to
relevant characteristics of a specific learner. This definition raises several questions, however:
Which characteristics are actually relevant? Which parameters of instruction need to be
adjusted, and in which way, to positively interact with those characteristics? In a classroom
context, additional questions arise: how can information about the relevant learner
characteristics be delivered to the teacher? How can individualized instruction be delivered to
each learner in a context that has originally been designed for whole-class instruction? By
focusing on the measurement and modelling of learner characteristics and instructional
adaptations, this dissertation aims to provide an insight into each of these issues.

This dissertation is divided into two parts. The first part is concerned with the
theoretical (Paper 1) and statistical (Paper 2) modeling of learner characteristics in the context
of individualized instruction. The second part is concerned with the measurement (Paper 3)
and implementation (Paper 4) of individualized instruction in the classroom context.

Paper 1 summarizes existing research on individualization from different research
traditions. From this summary I derive the need for a dynamic conceptualization of learner
characteristics (acknowledging that learners change during and in interaction with the learning
process) and synthesize a dynamic framework that details the opportunities for
individualization on three different timescales. Paper 2 reports results from an exploratory
study that investigated the potential benefits of utilizing person-centered analysis for the
assessment of multivariate learner prerequisites and their interaction with instruction. We found
that latent profiles over several reading related abilities could explain differential effectiveness
of self-reported teaching foci in German third grade reading lessons. These findings indicate

not just a need for stronger individualization of teaching but also an advantage of multivariate



conceptualizations of learner characteristics. Additionally, they show the utility of person-
centered approaches for the investigation of such multivariate learner characteristics and their
interaction with instruction.

In the second part, I investigate possible approaches to the implementation and
measurement of individualization in a classroom context. Paper 3 investigates whether
teacher-, student- and observer perspectives converge when rating the amount of
individualization present in regular classroom instruction. We found considerable agreement
between the perspectives, indicating a common understanding of the construct at the classroom
level as well as providing some evidence for the validity of the used measurement instruments.
Paper 4 replicates findings concerning the effectiveness of formative assessment procedures
for fostering reading education, supplemented by a moderator analysis showing that only
children with low performance at the beginning of the school-year profited from its
implementation. This indicates that the information provided by formative assessment
procedures helps teachers to identify struggling readers but does not seem to be utilized for
adapting instruction to specific deficits of average or high performing children.

In sum, this dissertation contributes to research on individualized instruction by
demonstrating necessary conditions for its effectiveness. It posits the need for a dynamic
conceptualization of learner characteristics, demonstrates the advantage of multivariate learner
profiles, and points out ways towards the successful implementation of individualized

instruction in the classroom.
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1 Introduction

Individualizing instruction means adapting instruction to specific learners in their
unique constellations of skills, experiences and prior knowledge structures. As such, it has been
an important goal of educational research and practice for ages with first mentions of such a
concept dating back to ca. 500 BC (Quintilian, trans. 1921). Especially in times of growing
heterogeneity in classrooms (Corno, 2008; Decristan et al., 2017; Subban, 2006) and an
increasing prevalence of technology-based learning (Bernacki et al., 2021), adapting
instruction to individual learners’ strengths and needs becomes increasingly important as well
as increasingly feasible. The general effectiveness of individualized instruction has been
repeatedly demonstrated at a class- or school-level in classroom instruction (Connor et al.,
2007, 2018; Jung et al., 2018; Kingston & Nash, 2011; Pane et al., 2015; Stecker et al., 2005;
Waxman et al., 1985) as well as in digital learning environments (Corbett, 2001; Ma et al.,
2014; Steenbergen-Hu & Cooper, 2014). However, this prior research has mostly focused on
the classroom level instead of the level of the individual learner. In addition, substantial
heterogeneity of effect sizes indicates the existence of several factors that moderate the
effectiveness of individualized instruction.

A first challenge that arises when trying to design individualized instruction is that
successful individualization depends on correctly identifying and modelling the relevant
characteristics of a specific learner. This identification poses several methodological
challenges, especially if we conceptualize learner characteristics as dynamic and multivariate.
Furthermore, in order to realize effective individualized instruction, teaching agents are in need
of information about instructional adaptations that have been shown to increase learning
success for learners with specific characteristics. The research tradition of “aptitude-treatment
interactions” still lacks a solid foundation of reproducible results that would represent a reliable

basis for such adaptations.



Finally, in the classroom context teachers need to find ways to deliver individualized
instruction to specific learners without neglecting the rest of the class. This is a challenging
task, given that teachers commonly face large classrooms with sometimes great student
heterogeneity. Several studies could show that programs that support individualized instruction
lead to increased learning gains at the classroom level (e.g. Connor et al., 2009; Waxman et al.,
1985). However, more research is needed concerning the actual implementation in regular
classroom practice.

In this dissertation, I gather evidence from previous research as well as my own studies
in order to better understand how relevant learner characteristics and their interaction with
instructional parameters can be modelled and how individualized instructional adaptations can
be implemented in regular classroom instruction. I will start with an overview of the theoretical
and empirical background this dissertation is based on. I will then briefly summarize the four
manuscripts that together form this dissertation. I conclude by summarizing the most important

findings, mentioning limitations as well as potential directions for future research.

2 Theoretical Background
In the following, I first summarize previous research on individualization, highlighting
the commonalities between different approaches and compiling evidence for its effectiveness.
I then introduce aptitude-treatment interactions (ATIs) as the most plausible explanation for the
efficacy of individualization and map out several issues that this line of research is struggling
with. In the last segment, I turn towards the implementation of individualized instruction in a

classroom context and the additional difficulties this poses for practitioners and researchers.



2.1 Individualized Instruction

Human learners differ in a myriad of ways, including in their prior knowledge,
intelligence, hair color, socioeconomic status, current affect, favorite music genre, current
motivation, working memory capacity, and many more. Individualized or personalized learning
approaches want to take these differences into account to optimize the fit of instruction to a
specific learner. While earlier conceptualizations of individualized instruction certainly exist,
the first psychological perspective on the issue can be traced back to Lev Vygotsky and his
concept of the zone of proximal development (Vygotsky, 1930-1944/1978). This zone consists
of all tasks or challenges that a learner is unable to accomplish without support but is able to
accomplish with support. According to Vygotsky, optimal instruction should always be situated
within this zone. The location, size and malleability of this zone for a given learning objective
is defined by the personal characteristics of a specific learner. Not just prior knowledge but
also cognitive characteristics such as intelligence or motivational factors such as interest can
influence whether a certain challenge can be met with instructional support. Clearly, the zones
of proximal development can be very different for different learners. Thus, instruction that
addresses entire groups of learners at once runs the risk of being out of zone for at least some
of the learners.

Besides these mainly theoretical considerations, first empirical evidence for the
efficacy of individualized instruction can be traced back to Bloom’s work on individual
tutoring. Bloom and students found learning gains under individual one-on-one tutoring to be
up to two standard deviations higher than in “regular instruction” (Bloom, 1984). The quest to
scale up these effects to larger groups of learners became known as the “2-sigma-problem”
(Barrows et al., 1986; Corbett, 2001). While future studies failed to replicate effect sizes of that
magnitude, the general effect of one-on-one tutoring being the most effective form of learning

remains (Vanlehn, 2011). The main difference between one-on-one tutoring and regular



instruction is that the one-on-one tutor has much more opportunities and much more
information to adapt the instructional approach to individual learners (Bloom, 1984). This is
true for the selection of goals and subgoals, the design of instructional units as well as
assistance during the learning process (Lehman et al., 2008). Individualization of instruction
can thus be conceptualized as scaling up the positive effects of one-on-one tutoring to larger
groups without having to provide an individual tutor for each learner.

This endeavor can be seen as principally successful — across several different domains,
different approaches to individualize instruction have been shown to have positive effects on
learning gains. Intelligent tutoring systems, for example, are defined by their assessment of
several specific learner characteristics and the subsequent adaptation of instruction (Nwana,
1990). Their effectiveness when compared to regular computer-assisted instruction (Ma et al.,
2014; Steenbergen-Hu & Cooper, 2014) can thus be conceptualized as positive effects of
individualization. But also in regular classroom instruction, formative assessment (e.g. Deno,
1990) and internal differentiation (e.g. Slavin, 1987) can both - among others - be
conceptualized as individualization approaches (Dumont, 2019) and have been shown to have
positive effects on learning gains (Allington, 1974; Jung et al., 2018; Slavin, 1987; Slavin &
Karweit, 1985)

The common thread that weaves through all of these approaches - independent of
context or domain - is that some form of assessment of learner characteristics is used to inform
and adapt subsequent instruction. Individualization can thus be defined as the systematic
adaptation of instructional parameters to the relevant characteristics of a specific learner (see
Paper 1). In the literature, several different terms are used to describe this process. In the

context of this dissertation, “individualized” and “personalized” instruction are understood as



synonyms and used in the broadest possible sense: any adaptation of instruction based on

(perceived) learner characteristics to individual learners or groups of learners.

2.2 Aptitude-Treatment Interactions

In order for instructional adaptations to convey educational benefits, different
instructional parameters need to interact with specific constellations of learner parameters.
Without such interactions, some learners would learn better than others and some instructional
approaches would be more effective than others. However, if there is no interaction between
an adaptation and learners’ characteristics, then there would be no benefit in adapting the
instructional approach for specific learners. Interactions between instructional adaptations and
learner characteristics have been conceptualized and examined under the term of aptitude-
treatment interactions (ATIs).

ATIs have first been postulated by Cronbach (1957) who described them as a synthesis
of the traditions of correlational (or interindividual) psychology and the tradition of
experimental (or intraindividual) psychology. ATI research combines these two traditions by
studying differential effects of experimental treatments for people at different points on spectra
of interindividual differences. As mentioned above, these differential effects are necessary for
individualization to have any benefit. Isolating and identifying specific interactions between
learner characteristics (aptitudes) and instructional parameters (treatments), allows for optimal
treatments to be selected for each learner. Aptitudes in this case are defined broadly as any
learner characteristics that have or are presumed to have an effect on the response to a specific
treatment (Cronbach, 1975).

In the following years, this paradigm has seen a surge of attention (e.g. Bracht, 1970;
Snow, 1980, 1989; Tobias, 1978; Tobias & Redfield, 1980). Still, surprisingly few ATIs could

be reliably demonstrated and replicated (Cronbach & Snow, 1977). This is puzzling, as they



need to exist in order to explain the positive effects of individualization. In addition, the face
validity of the concept is also exceptionally high - whenever there is substantive heterogeneity
in treatment effects, it is reasonable to assume that some characteristics of the learners are
causing this heterogeneity. Several authors came to the same conclusion: ATIs have to exist —
so people either have been looking in the wrong places (Driscoll, 1987; Tobias, 1989) or
utilizing the wrong methods (Preacher & Sterba, 2019; Shapiro, 1975).

In the 40 years that have passed since then, several ATIs have been found (e.g. .Seufert
et al., 2009; Suzuki & Dekeyser, 2017; Ziegler et al., 2021), most prominently the expertise
reversal effect (e.g. Chen et al., 2017; Lee & Kalyuga, 2014; Tobias, 2010). But the general
sentiment that the field is severely trailing behind the expectations of researchers and
practitioners alike is still prevalent (Preacher & Sterba, 2019). A possible explanation for this
lack of findings that is of particular relevance for this dissertation is the typical
conceptualization and operationalization of an aptitude. Typically, aptitudes are conceptualized
and operationalized as static, univariate constructs. This results in the operationalization as a
single pretest measure, putting the focus on specific isolated variables to examine interactions

with treatments.

2.2.1 Dynamic Aptitudes

Learners and their aptitudes change during and in interaction with the instructional
process. A completely static aptitude concept will fail to capture these changes, leading to
wrong estimations of the interaction effects as the actual current aptitude of the learner might
be different from the value that was measured at the beginning of the process. From this follows
that a treatment that may provide an optimal fit at the beginning of the learning process is

potentially mismatched for some of the learners at later stages of the same process (for example



depending on their rate of expertise development). Rey and Fischer ( 2013), for instance,
demonstrated that even small gains in expertise (such as reading a text on the subject matter)
can significantly alter the effectiveness of subsequent treatments.

Some aptitude concepts are static by definition, such as the concept of learning styles
- the idea that learners fall into one of several distinct and stable categories that moderate the
effectiveness of learning based on the mode of presentation or organization of the content to
be learned. While this concept exhibits high face validity and quickly found widespread
dissemination into practice (Wininger et al., 2019), current evidence mainly points against its
effectiveness (Kirschner, 2017; Pashler et al., 2008). Learners may voice preferences
concerning the mode of presentation or organization of learning materials, but their learning
gains do not increase when their preferences are being met. Learning styles can thus be seen as
an example of a larger group of individualization attempts that operate by sorting learners into
distinct categories that are assumed to be stable over the course of the learning process. This
group of attempts appears to be much less effective than adapting to dynamic characteristics
such as prior knowledge (e.g. Rey & Fischer, 2013) or interest (e.g. Walkington, 2013).

Acknowledging learners’ propensity to change and embracing it by assessing relevant
characteristics at a high frequency could lead to more robust estimates of differential effects of
treatments while also being able to probe the temporal dynamics of interventions (e.g.
Breitwieser et al., 2021). This allows instruction to not just be adjusted to specific learners but

to specific learners at specific points in time.

2.2.2 Multivariate Aptitudes

Learners also don’t just differ in single variables but they all bring their unique
constellation of aptitudes into the learning process. It is possible that the value in one aptitude

moderates the interaction of another with the treatment, such as a high amount of anxiety



preventing learners to utilize their prior knowledge. This concept has first been postulated by
Snow (1987) under the name of aptitude-complexes: constellations of aptitudes that together
influence treatment effects above and beyond the influence of each variable alone. This concept
was further extended by Ackerman (2003), who noticed that specific cognitive, motivational,
and even attitude aptitudes co-occur more often than others and called these constellations trait
complexes. These possess a much higher ecological validity than the artificial complexes
utilized by Snow and colleagues, but also potentially lessen the likelihood to find interactions
with treatments due to their less extreme nature.

This phenomenon of multiple relevant learner characteristics interacting with each
other as well as with the provided treatment has been likened to a “hall of mirrors that extends
to infinity” by Cronbach (1975). This alludes to the impossibility of capturing every higher-
order interaction. Inconsistent findings when analyzing specific interactions have also been
explained as being due to unmodelled additional interactions. If the “true” ATTIs are classified
by interactions of several distinct variables, it is to be expected that inconsistent results are
obtained when looking at only one of them (Cronbach, 1975). While this shows that
multivariate aptitudes have been conceptualized several decades ago, most research in the field
still concerned itself with the interaction of single aptitudes and treatments. This discrepancy
can be partially explained by the methodological difficulties that come along with analyzing
higher order interactions (Bauer & Shanahan, 2007).

Indeed, variable-centered approaches — a group of statistical methods that are focusing
on the association between variables — inevitably run into overwhelming amounts of
interpretational complexity when incorporating multiple higher-order interactions (Bauer &
Shanahan, 2007; Cronbach, 1975). Besides this interpretational complexity, classic variable-

centered approaches such as multiple regression also quickly become underpowered for



detecting higher-order interactions (Cronbach, 1975; McClelland & Judd, 1993) while also

failing to capture nonlinear relations (Bauer & Cai, 2009).

2.2.4 Interim Conclusion: ATIs

In sum, ATIs are still the only plausible explanation for the positive effects of
individualization. While a few generalizable interactions have been established, the general
conclusion Cronbach and Snow (1977) reached in their review still mostly holds: “No Aptitude
X Treatment interactions are so well confirmed that they can be used directly as guides to
instruction”.

Multivariate learner characteristics have been increasingly analysed to explain variance
in learning (e.g. Lonigan et al., 2018; Reinhold et al., 2020) but only very few studies actually
looked at multivariate learner characteristics in interaction with instruction (e.g. Hofer et al.,
2018; Hooper et al., 2006; Suzuki & Dekeyser, 2017). Similar things can be said about the
dynamic modelling of aptitudes. As learners and their aptitudes change during and in
interaction with the learning progress, so should the differential effectiveness of specific
instructional approaches. While several studies looked at dynamic learner characteristics to
explain learning success (e.g. Forster et al., 2022; Reinhold et al., 2020), and adaptations based
on dynamic assessment have been shown to be successful (Jung et al., 2018), I am not aware
of studies that explicitly modelled the interaction of dynamic learner characteristics with

instruction in detail and with respect to the temporal dynamics.

2.3 Individualized Instruction in the Classroom
Concerning the implementation of individualized instruction in actual classroom

practice, two separate things need to be accomplished. The first important consideration is that
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structures need to be in place that allow individual students (or relatively homogenous groups
of students) to receive instruction separate from the rest of the class.

In contrast to one-on-one tutoring where it is clear that attention is completely on one
learner or intelligent tutoring systems that are in theory infinitely scalable, regular classroom
instruction usually has only one teacher for 15-30 learners. Several different “systems” have
been utilized to still enable teachers to target instruction at individual learners. Examples of
those include: efficient grouping to target instruction at homogenous subgroups instead of
individual students (internal differentiation; Allington, 1974; Constas & Sternberg, 2013;
Slavin, 1987), designing instruction in a way that allows different students to engage with the
same task at their own level (adaptive tasks; Bardy et al., 2021; Corno, 2008), or even
empowering students to select and adapt their own instruction (self-regulated learning;
Boekaerts & Corno, 2005; Paris & Paris, 2010).

The second important consideration is that the actual instructional input received by the
learners needs to not only be different from that of the rest of the class but positively interact
with some characteristics of these individual learners. To achieve this, teachers need
information about learners’ characteristics. While most of this information comes from the
daily interaction of teachers with their students, research has shown that teachers are not always
able to correctly assess relevant characteristics of their students: Whereas teachers are quite
proficient at judging performance in their specific subject matter, the accuracy of their
assessment decreases for other characteristics (Machts et al., 2016). This finding implies that
the information gained from daily interactions should best be supported by some form of
explicit diagnostic information. An especially promising approach of providing teachers with
relevant information about individual learner characteristics is formative assessment (Deno,

1990).
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2.3.1 Formative Assessment

Formative assessment (also known as curriculum-based measurement or learning
progress assessment) can be seen as an extension of the mastery learning concept (Bloom,
1968) with the goal to enable usage in more traditional grouped instructional settings. In
mastery learning, a teaching agent sets several successive intermediate goals on which all
students get regularly tested. When sufficient mastery of one intermediate goal is displayed,
they progress to the next (Bloom, 1968). The main difference between the concepts is that in
formative assessment, all students get tested on the same overarching learning goal instead of
on their current intermediate goal (Fuchs, 2004). This allows the teacher to continuously
monitor progress on a single scale and to adapt the instruction in case of stagnation. These
adaptations don’t have to be individualized - teachers can also use formative assessment data
to identify specific trends in their class as a whole and adapt their whole-class instruction
accordingly.

Meta-analyses have generally shown that formative assessment has positive effects on
learning gains of students (Forster et al., 2018; Jung et al., 2018; Kingston & Nash, 2011; Lee
et al., 2020; Stecker et al., 2005), with some indications that effects are larger for struggling
readers (e.g. Jung et al., 2018). Besides the positive effects, a striking feature of the studies
reported in the above-mentioned meta-analyses is the substantive heterogeneity of effect sizes.
This implies that the positive effects of formative assessment are heavily dependent on
moderating factors such as teacher experience or context (Kingston & Nash, 2011). A more
detailed investigation into those mediating and moderating mechanisms is of utmost
importance to utilize the full potential of formative assessment.

While formative assessment itself is only concerned with providing information, the

generally assumed mechanism by which it conveys its positive effects on learning is that
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teachers use that information to better adapt their instruction to individual learners (Brink et
al., 2019; Cusi & Telloni, 2019; Jung et al., 2018; Kaftan et al., 2006; Yeh, 2010). While this
assumption is intuitively plausible, I am not aware of any research that actually quantitatively
investigated the relationship between formative assessment and individualized instruction. This
is possibly due to difficulties associated with assessing individualized instruction in classroom

education, which I will elaborate on in the next section.

2.3.2 Assessment of Individualized Instruction in the Classroom

As classroom processes are constituted by an interplay of several actors in a closed
system, it can be difficult to objectively and reliably assess them. Possible options for doing so
include teacher reports, student reports and external observers, each associated with their own
advantages and difficulties (Fauth et al., 2014; Kunter & Baumert, 2006).

When assessing individualized instruction in particular, these difficulties are
complemented by additional complications: Due to the concept of individualized instruction
being highly desirable, it is to be expected that teacher self-reports are biased towards reporting
higher levels/more occurrence (Kopcha & Sullivan, 2007). This has been shown by Fraser
(1982), who investigated teacher and student self-reports on individualized classroom
environments with parallel scales. They found partial correspondence between teacher- and
student self-reports but the teachers consistently rated the classroom environment as more
individualized than their respective students.

Student ratings of individualized instruction are also potentially less reliable than those
of other classroom processes (Liidtke et al., 2006). The amount of individualized instruction
individual students receive might vary based on the perceived need and students might not be

able to correctly identify whether their classmates receive individualized instruction. This
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implies that using common statistical models involving latent variables might not be
appropriate as students might only rate the amount of individualized instruction they
themselves received, not the amount generally present in the classroom, which would violate
the assumptions behind such models (Rhemtulla et al., 2020). I am not aware of any studies
that utilize external observers to quantitatively measure individualized instruction. An accurate
assessment of within-classroom individualization at best reflects the scientific
operationalization of the construct as well as the actual classroom processes as perceived by
students and teachers. This a necessary prerequisite not just for testing claims of
individualization as a mediator of the positive effects of formative assessment but also for
investigating its prevalence and outcomes in regular classroom instruction, independent of

supporting systems.

2.3.3 Interim Conclusion: Individualization in the Classroom

In sum, while several distinct approaches exist to individualize instruction in
classrooms, most of them are mainly concerned with providing opportunities for adaptations.
The notable exception to this is formative assessment which is mainly concerned with
providing relevant information to teachers in order to enable individualized instruction.

Most of these class-level approaches have been shown to increase learning gains when
compared to regular classroom instruction, but the effect sizes show considerable heterogeneity
—indicating a need for further research into their moderating or mediating factors. An increase
in the amount of individually targeted instruction is usually assumed to be a mediator of these
effects (Brink et al., 2019; Jung et al., 2018) but seldomly investigated. This is potentially due
to the difficulties associated with assessing actual individualization in the classroom that have

been described above.
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3 Aims of This Dissertation
This dissertation can be broadly split in two different parts. The first part is concerned
with theoretical and methodological considerations concerning individualized instruction. The
second part is concerned with the implementation of individualized instruction in the classroom

context. In the following, I will detail the main aims of each part.

Theoretical Considerations

1: My first aim is to broadly summarize and integrate the current state of research on
individualization across different contexts and disciplines. The focus is on the dynamics of
changing learner characteristics and instructional adaptations, since, as I will argue, a dynamic
perspective on individualization is a necessary next step to move the field forward. Based on
that summary, I propose a general framework of individualization that takes dynamics into
account. I end by providing recommendations for future research on individualization.

2: The existence of differential effectiveness of treatments (or ATIs) is a necessary
requirement for effective individualization, but the current evidence concerning such
interactions is sparse. I posit that by looking at multiple relevant learner characteristics
simultaneously, differential effectiveness of treatments, that would go unnoticed by just
looking at univariate characteristics, can be identified.

2a: As the interaction of multiple learner characteristics with instruction can be hard to
analyze with variable-centered approaches, I probe person-centered analyses as an alternative
tool for identifying these multivariate learning prerequisites and their interaction with

instruction.
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Implementing Individualized Instruction in the Classroom

3: A prerequisite for research on individualized instruction in the classroom are reliable

instruments to assess the amount of individualization present in any given classroom.
Individualization looks quite different depending on the perspective - external observers utilize
the scientific operationalization of the construct, teachers try to plan and implement it in their
instruction, while students need to receive and utilize the individualized offer.
I investigate whether individualized instruction in regular classroom practice can be reliably
assessed from teacher, student, and observer perspectives and whether these perspectives
correlate with each other, indicating a shared understanding of the construct at the classroom
level.

4: One of the most promising approaches of bringing individualized instruction to the
classroom is formative assessment. Even though the general effectiveness of this approach has
been repeatedly demonstrated, the actual mechanisms by which it operates and the factors that
moderate its effectiveness are still underexplored. I would like to first replicate earlier findings
that classes using a formative assessment program show, on average, greater learning gains
than classes who don’t. In addition to this replication, I also look at the initial performance
level of the students, investigating whether certain subgroups of learners especially benefit

from the program.

4 Summary of Papers
4.1 The iLearn Project
Three of the four papers in this thesis use data from the iLearn project. The main aim
of the iLearn project was to investigate effects of formative assessment in the context of third
grade German lessons and it was funded by the German ministry of education and research.

The project was run in 2 cohorts, one in the year 2018/19, the other in the year 2019/20.



16

consisted of a pretest at the beginning of the schoolyear and a posttest after the summer
holidays. At both of these occasions, all students took part in a pen and paper test battery,
comprising measures of reading comprehension, spelling, and general intelligence
administered to the whole class at once. A teacher-nominated subgroup of students additionally
participated in a computer-based test battery comprising decoding, vocabulary, syntax
comprehension and working memory capacity in individual sessions. To assess the teaching
practice over the schoolyear, teachers filled out a short online questionnaire every three weeks.
A subset of teachers also participated in classroom observations, which took place in the middle
of the schoolyear.

We were able to recruit 77 teachers, 41 of which also used the formative assessment
tool “quop” (Souvignier et al., 2021). The respective student sample comprised 668 students.
Usage of “quop” entails all children taking a short online test every three weeks, the results of
which are provided to teachers in a graphical form. Dependent on the specific research
questions, we had to exclude some participants with missing data on relevant variables, leading
to slightly differing sample sizes in the different analyses. For detailed information of the
procedures and measures used, see the method sections of the respective papers

(Appendix A).

4.2 Paper 1:
Tetzlaff, L., Schmiedek, F., & Brod, G. (2021). Developing Personalized Education: A

Dynamic Framework. Educational Psychology Review, 33(3), 863-882.

In this review paper, we summarize and synthesize research on individualized

instruction across three different research traditions — ATTs, classroom education, and digital
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learning environments. We then explain how learner characteristics can vary across different
timescales and differentiate between different “kinds of variance” — developmental processes,
intervention-induced changes and short-term fluctuations. Concluding the paper, we merge
these considerations into a dynamic framework of individualization across three timescales.

Summary of existing research: Looking at previous research conducted on
individualized instruction, we found a clear advantage of dynamic, as opposed to static,
approaches to modelling learner characteristics in order to inform instructional adaptations.
This is exemplified by the dearth of reliable ATIs using static aptitude measures (Cronbach &
Snow, 1977) (Bracht, 1970; Cronbach & Snow, 1977; Driscoll, 1987; Shapiro, 1975) and the
prevalence of expertise reversal effects, which are by definition dynamic (Kalyuga, 2007;
Khacharem et al., 2015; Rey & Fischer, 2013). The success of formative assessment in
classroom contexts (Black & Wiliam, 1998; Jung et al., 2018; Kingston & Nash, 2011) and
intelligent tutoring systems in digital learning environments (Corbett, 2001; Ma et al., 2014;
Steenbergen-Hu & Cooper, 2014) can also be seen as a success of dynamic learner modelling
as both approaches utilize it.

Developing a dynamic framework: Learners change on different timescales: from
developmental processes that unfold over months or even years over intervention-induced
changes that take place over weeks to short-term fluctuations that can occur over days or even
moment-to-moment (Hertzog & Nesselroade, 2003). These different types of variance require
different measurement approaches and provide opportunities for different instructional
adaptations. If instruction is to be optimally adapted to specific learners, it needs to take these
dynamics on different timescales into account. Based on these considerations, we construct a
dynamic framework of personalized education, detailing the relevant assessment structures as

well as potential for instructional adaptations on three separate timescales. These range from
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the setting of appropriate learning goals at the macroscale over instructional design at the
mesoscale to reacting to affective-motivational fluctuations on the microscale.
Recommendations for future work: Especially in the classroom context, there is a
need for studies that illuminate in detail a) the amount of individualized practise and b) the
actual fit between instructional adaptations and specific learner characteristics at specific points
in time. In digital learning environments it would be desirable to have a more detailed account
of the effect of specific adaptations on specific learners (at specific timepoints) instead of just
comparing a system that adapts to one that doesn’t. Concerning ATI research on the other hand,
we recommend moving away from highly artificial settings where one specific aptitude
interacts with one specific instructional parameter towards a more ecologically valid approach,
both taking into account unique constellations of multiple dynamic aptitudes on the learner

side as well as dynamic flexibility in treatments.

4.3 Paper 2:

Tetzlaff, L., Edelsbrunner, P., Schmitterer, A., Hartmann, U., & Brod, G.: 4 Person-Centered
Approach to Modeling the Interactions Between Learner Characteristics and Instruction:
Evidence for Differential Effectiveness of Reading Education. Manuscript submitted for

publication in Journal of Educational Psychology.

In this paper, we present a person-centered approach to the analysis of differential
effectiveness of instructional parameters in German third grade reading instruction. We first
use latent-profile analysis to group students based on their patterns of means on several
reading-related abilities. We then investigate whether specific teacher selected instructional

foci differentially affect students in these different groups.
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Background: In order for individualized instruction to convey benefits, different
instructional approaches need to show differential effectiveness across different learners.
Learners, however, do not differ only in a single relevant characteristic but different learning
prerequisites can interact with each other as well as with instructional parameters to influence
learning gains (Cronbach, 1975). Such multivariate aptitudes and their interaction with
treatments are difficult to analyze with variable-centered approaches, due to the exorbitant
power requirements and interpretational complexity that go along with higher-order
interactions in multiple regression models.

In the present work, the person-centered approach of latent profile analysis
(Hickendorff et al., 2018) is used to examine the differential effectiveness of different
instructional foci on the development of reading comprehension across different multivariate
aptitude profiles. Person-centered approaches have the advantage of parsimoniously
representing multivariate constellations of learning conditions that can be difficult to model
and interpret with variable-centered approaches, while also allowing for nonlinear interactions
(Bauer & Shanahan, 2007).

Method: Data from a longitudinal study (pre at the beginning of the school year/post
at the end of the school year) on reading and reading-related skills of N = 517 students from
Hesse and Lower Saxony during the third school year were analyzed. Reading prerequisites
(decoding, syntax comprehension, vocabulary) were collected from students at pretest.
Reading comprehension was collected from the students at both pre- and posttest. The teachers’
(N = 49) reported their self-chosen teaching focus every three weeks, using a short online
questionnaire. These reports were averaged over the school year.

We used latent profile analysis to segment 517 students into homogenous subgroups
(latent profiles) according to their patterns of means across their decoding ability, syntax

comprehension, vocabulary and reading comprehension. In a second step, a regression model
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using the measurement error-correcting BCH approach (Asparouhov & Muthén, 2014) was
used to test whether different instructional foci (vocabulary, advanced reading skills, and
reading motivation) showed differential effectiveness for the different profiles.

Results and their significance: Based on a selection of fit criteria, we identified four
profiles. Consistent with the simple view of reading, these could be labeled as “poor decoders™
(30% of students), “poor comprehenders” (38%), “poor readers” (15%), and “good readers”
(17%).

Concerning the interaction with instruction, an instructional focus on vocabulary over
a school year primarily benefited “good readers” (f = 0.33, p =.003), at the expense of “poor
comprehenders” (B =-0.21, p =.051) and “poor decoders” (f =-0.22, p = .036). In contrast, a
focus on advanced reading skills, such as text comprehension, benefited “poor comprehenders”
(B=0.22, p =.029), at the expense of “good readers” (B =-0.34, p = .003).

These results suggest that there is a need for stronger individualization in regular
classroom practice, because instruction targeting the whole class will always be a wasted
opportunity for some subgroups of students, depending on their specific constellations of
learner characteristics. We argue that in order to accurately capture individual differences in
treatment response, multiple variables should be taken into account simultaneously. Person-
centered analyses therefore provide a promising approach to identifying determinants of

differential effectiveness of instruction.

4.4 Paper 3
Tetzlaff, L., Hartmann, U., Dumont, H., & Brod, G.: 4ssessing Individualized Instruction in
the Classroom: Comparing Teacher, Student and Observer Perspectives. Manuscript revised

and resubmitted at Learning & Instruction.
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In this paper, we investigated possible approaches for measuring individualized
instruction in a classroom context. Utilizing teacher self-reports, student self-reports, and
classroom observations, we probe the unique characteristics of the different approaches as well
as the agreement between them.

Background: While individualization of instruction has been considered an important
goal of pedagogical research and practice for years (Dockterman, 2018; Hess & Lipowsky,
2017), there is still a lack of instruments that allow for a reliable and valid assessment of the
extent of individualization in regular classroom instruction. Measurement of classroom
processes can be (and historically has been) approached from several distinct perspectives,
each offering their own unique advantages and disadvantages (Kunter & Baumert, 2006;
Liidtke et al., 2006). In this study, self-report data from teachers and students were combined
with in-situ observations to investigate the reliability of different approaches to measuring
individualization as well as the agreement between them. Concerning individualized
instruction, it is of special importance to find common ground between those perspectives:
Only when there is an alignment between the scientific operationalization (as assessed by
external observers), the implementation of teachers (as assessed via self-reports) and the
actually experienced individualization by students (as assessed via self-reports) can theoretical
claims about the effectiveness of individualization be empirically investigated in a classroom
context. Studies on other classroom processes have found considerable agreement between
external observers and students as well as teachers and students and little to no agreement
between teachers and external observers (Fauth et al., 2014; Scherzinger & Wettstein, 2019).

Method: Data collection was conducted in third grade German reading classes in a total
of 57 classes from 34 schools in Hesse, Germany. For the teacher perspective (N = 57), we

used parts of the DSAQ questionnaire (Prast et al., 2015) at the end of the school year and a
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retrospective questionnaire repeated every three weeks. In situ observations were conducted
once during the school year by trained observers using a standardized questionnaire. Student
perspectives (N = 621) were collected at the end of the school year, using a brief self-report
questionnaire (Dumont, 2016). Individualized instruction was operationalized as at least one
student working on a different task than the rest of the class at a specific point in time.

Findings: All three perspectives yielded reliable indicators of individualization, but not
all agreed with each other. We found considerable agreement between students and observers
(r = .43, p = .01), but neither students (» = .03) nor observers (r = .06) agreed with teachers’
trait self-reports. Using retrospective teacher ratings given shortly after the time point of
interest, we found that student ratings were significantly correlated with them (»=.38, p =.01).
After correcting for response tendencies, the correlation between teacher and student ratings
was even more pronounced (» = .49, p < .01). This is in line with previous research on other
constructs relating to classroom instruction (Fauth et al., 2014; Kunter & Baumert, 2006;
Scherzinger & Wettstein, 2019). The strong agreement of observers and students has been
explained by both of them being external observers of the teacher (who is in control of the
classroom instruction). The agreement between students and their teachers is commonly
explained by their shared classroom history, while none of the two above mentioned
mechanisms apply to the observer-teacher agreement (Fauth et al., 2014).

This implies that the construct of individualized instruction does exist at the classroom
level shared between students and teachers. Furthermore, this conceptualization at least
partially overlaps with the scientific operationalization as assessed by the external observers.
These results pave the way for further studies that aim to empirically investigate the amount of
individualized instruction present in regular classroom instruction, either as a cause of learning

gains or as an outcome of an intervention.
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4.5 Paper 4:

Schmitterer A., Tetzlaff, L., Hasselhorn, M., & Brod, G: Who benefits from Computerized
Learning Progress Assessment in Reading Education? Evidence from a Two-Cohort
Longitudinal Study. Manuscript submitted for Publication in Journal of Computer Assisted

Learning.

The goal of this paper was to investigate whether the usage of formative assessment
tools improves learning gains in the domain of reading. To this end, we compared classes that
used the formative assessment program “quop” with classes that didn’t. We further investigated
whether these effects are qualified by students’ initial level of reading comprehension.

Background: Formative assessment procedures are one of the most promising
approaches for increasing the amount and the effectiveness of individualization in regular
classroom instruction. While several meta-analyses showed positive effects of formative
assessment in general (e.g. Jung et al., 2018; Kingston & Nash, 2011), there exists a strong
heterogeneity in the strength of these effects. This heterogeneity indicates a need for further
investigation into factors that potentially moderate the positive effects of formative assessment.
Several studies have looked at factors concerning the teacher (e.g. experience or social
pressure; Schildkamp et al., 2020) or the specific program (e.g. computer-based vs. pen-and-
paper; Kingston & Nash, 2011) but it is also conceivable that characteristics of the students,
such as their initial performance, moderate the effects of formative assessment.

Method: Students (N = 668) from 77 classes (41 of which used the formative
assessment tool) were tested at the beginning of the school year as well as after the summer
holidays. At both timepoints, their reading comprehension level was assessed via the ELFE 11

(Lenhard et al., 2017). We analyzed whether students’ reading comprehension skills improved
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more in classes with formative assessment than in control classes. Furthermore, we explored
whether students’ initial achievement level moderated the effect size of the formative
assessment. We controlled for the fact that the study was conducted over two cohorts and in
two different federal states.

Findings: Students in formative assessment classes on average showed better reading
comprehension gains than in the control classes, indicating a general advantage of using
formative assessment procedures. This effect was especially pronounced for students with low
initial levels of reading comprehension, while no significant difference was shown for students
one standard deviation above the mean at pretest. These findings imply that a possible
mechanism of the positive effects is an increased focus on weak students. It is possible that the
main use of the formative assessment information is to identify those students who need help,
rather than inform what specific help they need. Another potential explanation of these
differential effects is that teachers adapt their whole-class instruction in a way that primarily

benefits low achievers.

5 Discussion

In the following paragraphs, I will summarize and evaluate the major results of this
thesis — separated into substantive findings and methodological implications. I will first
describe how these studies add to the current literature by furthering our theoretical
understanding of the factors that constitute effective individualization as well as its
implementation in classroom instruction. I will then continue by discussing the methodological
implications of the studies, namely the potential of person-centered analysis for the modelling
of multivariate learner characteristics and the peculiarities of using teacher self-reports for the

assessment of classroom processes. Finally, I will describe the most important limitations of
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this thesis and discuss potential future directions for research on individualized instruction that

addresses those limitations and builds upon the presented findings.

5.1 Summary and Implications of Substantive Findings

5.1.1 Modelling of Learner Characteristics

A dynamic measurement approach to individualization is necessary to successfully
adapt to learners at specific points in the learning process. This claim is supported by studies
showing the relative success of dynamic individualization endeavors as compared to static
ones, as described in Paper I. The advantage of formative assessment compared to purely
summative measures for the development of readers who struggle at the beginning of the
schoolyear (Paper 4) also adds to the literature that indicates benefits of dynamic assessment
of learner characteristics (e.g. Jung et al., 2018; Kingston & Nash, 2011).

Another relevant finding for the modelling of learner characteristics is that multivariate
learner profiles offer information beyond the isolated variables they are comprised of. This
information can then be used to explain the differential effectiveness of instructional
approaches. Especially in domains where the “outcome” to be learned is a complex skill
(constituted by an interplay of several lower-level skills) such as reading comprehension
(Hoover & Gough, 1990; Kendeou et al., 2009, 2016), multiple relevant learner characteristics
interact with each other as well as with the instructional treatment. These complex interactions
need to be taken into account in order to effectively adapt instruction to specific learners. Paper
2 could show that multivariate aptitude conceptualizations explained differential effectiveness
of instructional foci that might have been overlooked if only single variables and their
interaction with instruction had been considered.

The findings of Paper 4 suggest a similar conclusion. Although the class as a whole

improved more if the formative assessment program was implemented, it was mostly learners
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showing a low performance in the composite skill “reading comprehension” that differed from
those in the control group. The focus teachers apparently placed on said students, might be due
to the fact that the tool assessed reading comprehension as a whole, rather than its constituting
factors. It is conceivable that information about multivariate constellations of skills could allow
teachers to better adapt instruction to learners who struggle with a specific “subskill” albeit

still showing average or better performance in the composite measure.

5.1.2 Promoting and Assessing Individualized Instruction in the Classroom

Concerning classroom instruction, formative assessment can be seen as an effective
tool for increasing learning gains, especially for children who struggle at the beginning of the
schoolyear. These findings from Paper 4 in the context of reading are in accordance with meta-
analyses by Jung et al., (2018) as well as Kingston and Nash (2011), who found higher average
effect sizes for students with intensive learning needs than in regular classes independent of
domain. There are two possible explanations for these differential effects: teachers could use
the formative assessment data to identify struggling learners in the class and then provide
increased attention to them — this would lead to increased learning gains for learners who
perform poorly at the beginning of the school year but not affecting those performing well.
Another possible explanation is that teachers use the formative assessment data to adapt their
whole-class instruction to primarily benefit struggling learners rather than targeting instruction
at individual learners. If they were actually using the information to target instruction at each
student specifics needs it would be reasonable to assume that the effect would be equal or
potentially even stronger for high achieving students — in line with the Matthew effect (Duff et
al., 2015; Onwuegbuzie et al., 2003). It is thus not clear whether teachers actually used the

formative assessment data to adapt instruction to specific learners (how to focus on them) or
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whether it mainly helped them identify struggling learners (who to focus on) whom teachers
then simply gave more attention instead of specifically targeted instruction.

While individualization is a concept that is operationalized by researchers, administered
by teachers and experienced by students, Paper 3 showed that significant overlap between
these perspectives exists, even when they are assessed with non-parallel instruments that focus
on the aspects that are especially relevant for these specific perspectives. This overlap is of
utmost importance for future research on the topic of individualized classroom instruction.
Only when different actors are at least partially referencing the same situations when talking
about individualized instruction can we actually draw conclusions that are relevant beyond the
specific perspective used for measurement.

Establishing this also allows for further studies to investigate the actual amount of
individualization as a mediating mechanism of formative assessment — a concept which has
been proposed several times (Brink et al., 2019; Cusi & Telloni, 2019; Jung et al., 2018; Kaftan

et al., 2006; Yeh, 2010), but to the best of my knowledge not yet investigated.

5.2 Methodological Implications

In addition to the substantive findings elaborated above, the results of the studies in this
dissertation also carry methodological implications, both for the modelling of learner
characteristics and for the assessment of instructional parameters.

When modelling multivariate learner characteristics, variable centered approaches
such as multiple regression models often encounter the problem of higher-order interactions
leading to power requirements that are hard to obtain as well as interpretational complexity of
results (Bauer & Shanahan, 2007; Cronbach, 1975; Preacher & Sterba, 2018). Paper 2 argued
that Person-centered approaches (Bauer & Shanahan, 2007) such as latent profile analysis (e.g.

Hickendorff et al., 2018) can be used to model multivariate aptitudes without encountering
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these problems. Utilizing the so-called BCH-approach (Asparouhov & Muthén, 2014) to
integrate the latent profiles into a secondary model allows for doing so without embezzling
measurement error. By demonstrating interactions between multivariate learner profiles and
treatment parameters that would have remained hidden in univariate analysis, Paper 2 could
show both the necessity of multivariate learner modelling in individualization research and the
utility of person-centered approaches towards such endeavors.

Another methodological implication of this thesis is that when using teacher self-
reports as indicators of classroom processes or for the assessment of instructional parameters,
it is advisable to frame these self-reports in a way that clearly references specific past behavior
instead of general tendencies to act in a certain way. Paper 3 could show that this approach
increases the correspondence with other perspectives (compared with trait-like measures of
general behavior), presumably by lessening the impact of the socially desirable response
tendencies (Kopcha & Sullivan, 2007). This is in line with other studies showing that when
assessing classroom management, teacher self-reports showed higher correspondence with
other perspectives when they were specifying a timeframe/specific situations as well as the
classroom context (Clunies-Ross et al., 2008; Scherzinger & Wettstein, 2019). On a more
general note, Paper 2 could show that teacher self-reports on instructional practices can be
used as an alternative to separate (randomized) treatment conditions in order to better capture
the natural variability in teaching (at the cost of better experimental control). Taken together
these findings offer several promising ways forward for research on ATTs that better reflects

the complex and dynamic nature of instructional processes.
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5.3 Limitations and Future Directions
In the following paragraphs, I will list some of the limitations that apply to all the
studies in this dissertation. I will combine this with potential steps that could be taken to

alleviate these limitations and further build upon the presented findings in future work.

5.3.1 Generalizability of Findings

Since all of the studies in this dissertation are based on the iLearn Project, this brings
with it some limitations concerning the generalizability of the findings. First and foremost, all
of the studies were situated in the domain of reading, limiting the generalizability to other
domains. Similarly, all of the students in the iLearn sample were German third grade students.
Whether these findings generalize to other countries and age groups, needs to be tested
empirically.

Concerning the teacher sample, since both participation in the study and usage of the
“quop” program was entirely voluntary, it is reasonable to assume that our sample is at least
partially influenced by positive biases of self-selection (Heckman, 1990). Meaning, teachers in
our sample potentially show more behavior that is assumed to have positive impact on children
(such as individualization) than the average teacher might. This could have an effect on the
results of Paper 3 and Paper 4. Future studies could aim to replicate our findings in other

domains, contexts, and age-groups.

5.3.2 Learner-Centered Conceptualizations of Individualization

All the studies in this dissertation utilized a very teacher-centric conceptualization of
individualization. Other conceptualizations put a stronger focus on student participation in goal
setting and task selection, banking on self-regulated learning as a part of individualization

(Crosby & Fremont, 1960; McLoughlin & Lee, 2009). While learners have repeatedly been
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shown not to select optimal tasks for themselves without guidance (Nugteren et al., 2018; Son
& Metcalfe, 2000), there exist several studies that connect the practice of formative assessment
with learner-driven individualization. In these studies formative assessment data is fed back to
the students either directly or mediated through a teacher in order to allow learners to select
tasks in accordance with their own strengths and deficits (Clark, 2012; Greene, 2020; Nicol &
MacFarlane-Dick, 2007; Panadero et al., 2018).

Formative assessment has also repeatedly been linked to the development of self-
regulated learning skills in students (Granberg et al., 2021; Xiao & Yang, 2019). This
connection is interesting because self-regulated learning skills and associated metacognitive
processes have also been conceptualized as a prerequisite for students to make effective choices
in their own learning path (e.g. Dorr & Perels, 2019; Kuhn, 2016; Zhang & Zhang, 2019). This
double-role of self-regulated learning skills as a mediator as well as an outcome of learner-
driven individualization can be embraced by gradually shifting from a teacher-driven to a
learner-driven model of goal setting and task selection (e.g. Corbalan et al., 2006; Salden et al.,
20006).

As self-regulation related constructs show substantial intra-individual variance (e.g.
Breitwieser & Brod, 2022), such student-centered perspectives on individualization should also
benefit from a dynamic conceptualization. Such a dynamic conceptualization would include
dynamic assessment of self-regulation with concurrent adaptations, taking into account
findings from the ATI-literature, such as the expertise reversal effect for metacognitive prompts
(Niickles et al., 2010, 2020). In a similar vein, it is conceivable that the amount of optimal
guidance is dependent on a mixture of self-regulated learning skills, prior knowledge, cognitive
capabilities, and thematic interest, with each variable influencing the effect of the others. In

this case, a multivariate conceptualization would also be recommendable. Besides probing the
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utility of dynamic and multivariate measurement for student-centered individualization, future
studies could compare student-centered formative assessment to teacher-centered approaches.
This would allow them to establish the relative strengths of both approaches as well as
differentiate which parts of formative assessment practice actually benefit from teacher

guidance.

5.3.3 Affective/Motivational Aptitudes and Outcomes

Originally, ATI research often focused on affective and conative aptitudes, as well as
personality traits (Cronbach & Snow, 1977; Snow, 1989, 1992). Especially the multivariate
aptitude complexes postulated by Snow (1987) and trait complexes postulated by Ackerman,
(2003) incorporated a mixture of cognitive, affective and conative variables. More recent work
on individualized instruction could also show substantial positive effects on learning gains
when the context of tasks was adapted to the specific interests of learners (Bernacki &
Walkington, 2018; Walkington, 2013).

In contrast, the studies in this dissertation only looked at cognitive capabilities and prior
performance as learning prerequisites and used learning gains as primary outcome measures.
Future studies could incorporate affective-conative variables in multivariate learner models in
line with the originally postulated aptitude complexes (Snow, 1987). It would also be
interesting to look at affective-conative outcome variables, as a treatment that provides equal
learning gains but higher enjoyment in specific learners can arguably be categorized as superior

to an alternative that causes equal learning gains with less enjoyment in those learners.

5.3.4 Other Future Directions

Another promising future direction would be to utilize formative assessment to provide

feedback about multivariate learner profiles and their implication for instruction to teachers.
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While several formative assessment programs already assess more than one variable (e.g. quop;
Souvignier et al., 2021), they are usually fed back without any connection to each other. While
this information can help teachers target instruction at the single measure children performed
worst at, Paper 2 could show that this does not necessarily lead to the best learning gains, if
those variables meaningfully interact with each other. By integrating the individual assessment
to comprehensive learner profiles, teachers can target instruction in a way that takes the whole
learner in their specific constellation of strength and deficits into account, rather than just
focusing on the single variable that seems to be weakest.

Similarly, research on formative assessment could be enriched by analyzing in detail
the specific adaptations teachers take in response to specific patterns displayed in the formative
assessment results as well as the resulting changes in the skills measured by formative
assessment. This would require a very measurement-intensive design in order to correctly
differentiate between stable interindividual differences, developmental trajectories, and
intervention induced changes. A possible statistical approach for investigating such effects
would be a random-intercept cross-lagged panel model (Hamaker et al., 2015).

Last but not least, it would be interesting to combine the assessment of individualized
instruction in classrooms as demonstrated in Paper 3 with a study on formative assessment to
investigate whether the amount of individualization actually mediates the positive effects of

formative assessment as postulated by Jung et al., (2018) among others.

5.4 Conclusion
This dissertation provides insights into relevant factors for each of the necessary steps
for effective individualized instruction. For assessing learner characteristics, I argue for the

necessity of dynamic and multivariate measurement in order to accurately capture learners in
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their unique constellation of skills and their trajectories. For modelling the interaction of learner
characteristics with instruction, I provide evidence for the advantages of utilizing person-
centered, as opposed to variable-centered approaches. These findings provide a conceptual and
methodological basis for future ATI research to more accurately model learners’ aptitudes and
their interaction with instruction.

For the implementation of individualized instruction in regular classroom practice, I
demonstrated substantial within-class heterogeneity of the positive effects of formative
assessment procedures. This provides some insight into the way formative assessment data is
used by teachers as well as potential directions to improve the procedure. For the evaluation of
individualized classroom instruction, I provided instruments that can reliably assess different
aspects of individualized instruction from different perspectives while showing substantial
overlap between them. These findings open up several directions for investigating the effects
of individualized classroom instruction at the level of the individual learner.

Taken together, this thesis addresses several gaps in our understanding of successful
individualization: from the modelling of learner characteristics over the fit of specific
instructional parameters and specific learners to the assessment of actual individualization in
regular classroom practice. It thus serves as a basis for future research to bridge the gap between

theoretical considerations and actual classroom instruction.
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German Summary (Zusammenfassung)

Die Individualisierung von Unterricht wird seit langem als ein wichtiger Bestandteil
effektiver Bildung angesehen (Corno, 2008; Dockterman, 2018). Individualisierung kann als
die Anpassung von Unterrichtsparametern an relevante Merkmale bestimmter Lernenden
definiert werden. Diese Definition wirft jedoch mehrere Fragen auf: Welche Merkmale sind
tatsidchlich relevant? Welche Unterrichtsparameter miissen auf welche Weise angepasst
werden, um mit diesen Merkmalen positiv zu interagieren? Im Kontext des Klassenunterrichts
stellen sich weitere Fragen: Wie konnen Informationen iiber die relevanten Merkmale der
Lernenden an die Lehrkraft weitergegeben werden? Wie kann in einem Kontext, der
hauptsédchlich auf den Unterricht mit der ganzen Klasse ausgerichtet ist, jedem Lernenden ein
individueller Unterricht erteilt werden? Diese Dissertation konzentriert sich auf die Messung
und Modellierung von Lernendencharakteristika und Unterrichtsanpassungen und soll einen
Einblick in jede dieser Fragen geben. Sie besteht aus vier Schriften und lésst sich grob in zwei
Teile aufteilen:

Im ersten Teil werfe ich einen Blick auf zwei Aspekte der Messung und Modellierung
relevanter Lernendencharakteristika - ndmlich die Notwendigkeit einer dynamischen und
multivariaten Modellierung. Ich argumentiere, dass dies notwendig ist, um
Unterrichtsparameter so auszuwdhlen, dass der Lernzuwachs fiir eine*n bestimmte*n
Lernende*n zu einem bestimmten Zeitpunkt im Lernprozess maximiert wird.

Die erste Schrift fasst die bestehende Forschung zur Individualisierung aus drei
verschiedenen Forschungstraditionen — Unterrichtsforschung, Experimentalpsychologie und
digitalem Lernen - zusammen. Aus dieser Zusammenfassung leite ich die Notwendigkeit einer
dynamischen Konzeptualisierung von Lernendencharakteristika ab. Lernende verdndern sich

auf unterschiedlichen Zeitskalen: von Entwicklungsprozessen, die sich iiber Monate oder sogar
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Jahre hinweg entfalten, iiber interventionsbedingte Verdnderungen, die sich iiber Wochen
hinweg vollziehen, bis hin zu kurzfristigen Schwankungen, die iiber Tage oder sogar von
Augenblick zu Augenblick auftreten konnen (Hertzog & Nesselroade, 2003). Diese
verschiedenen Arten der Varianz erfordern unterschiedliche Messansidtze und bieten
Moglichkeiten fiir unterschiedliche Unterrichtsanpassungen. Wenn der Unterricht optimal an
bestimmte Lernende angepasst werden soll, muss diese Dynamik auf unterschiedlichen
Zeitskalen beriicksichtigt werden. Auf der Grundlage dieser Uberlegungen konstruieren wir
einen dynamischen Rahmen fiir individualisierten Unterricht, der die relevanten Messansétze
sowie das Potenzial fiir Unterrichtsanpassungen auf drei verschiedenen Zeitskalen darstellt.
Diese reichen von der Festlegung geeigneter Lernziele auf der Makroskala iiber die
Unterrichtsgestaltung auf der Mesoskala bis hin zur Reaktion auf affektiv-motivationale
Schwankungen auf der Mikroskala.

Die zweite Schrift berichtet die Ergebnisse einer explorativen Studie, die den
potenziellen Nutzen von personenzentrierten Analysen fiir die Erfassung multivariater
Lernvoraussetzungen und deren Interaktion mit Unterricht untersuchte. Dabei wurden Daten
einer Langsschnitterhebung (prd am Anfang des Schuljahres/post am Ende des Schuljahres) zu
Lese- und leserelevanten Fahigkeiten von N = 517 Schiiler*innen im Laufe des dritten
Schuljahres analysiert. Als Lernvoraussetzungen wurden bei den Schiiler*innen am Prétest
Dekodieren, Syntaxverstidndnis, Wortschatz und als Lernziel (sowohl Pré- als auch Posttest)
das Leseverstindnis erhoben. Die gewihlten Unterrichtsschwerpunkte der Lehrkrifte (V= 49)
wurden alle 3 Wochen mithilfe eines kurzen online-Fragebogens als Selbstbericht erfasst und
iber das Schuljahr gemittelt. Wir fanden heraus, dass latente Profile — ermittelt liber mehrere
lesebezogene Fihigkeiten — die differentielle Wirksamkeit von selbstberichteten
Unterrichtsschwerpunkten im deutschen Leseunterricht der dritten Klasse erkldren konnen.

Dies weist einerseits auf die Notwendigkeit einer stirkeren Individualisierung dieses
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Unterrichts hin, andererseits illustriert es den Vorteil multivariater Konzeptualisierungen sowie
den Nutzen personenzentrierter Ansédtze fiir die Untersuchung multivariater
Lernendencharakteristika und ihrer Interaktion mit Unterrichtsparametern. Im zweiten Teil
untersuche ich Fragen zur Umsetzung von Individualisierung im Klassenraum. Erfolgreiche
Individualisierung im Klassenraum hat die zusitzliche Schwierigkeit, dass nicht nur Wissen
iiber relevante Lernendencharakteristika und deren Interaktion mit Unterrichtsparametern
erforderlich ist, sondern auch Raum und Gelegenheit gefunden werden muss, um einzelne
Schiiler*innen individualisiert zu unterrichten, ohne den Rest der Klasse zu beeintrichtigen.
In der dritten Schrift wird untersucht, ob Lehrkraft-, Schiiler*innen- und
Beobachtendenperspektiven bei der Bewertung des Ausmafles der Individualisierung im
reguldren Unterricht iibereinstimmen. Dies ist eine wichtige Voraussetzung fiir weitere
Forschung zur Individualisierung im Unterricht. Nur wenn eine Ubereinstimmung zwischen
der wissenschaftlichen Operationalisierung (wie sie von externen Beobachtern verwendet
wird), der tatsdchlichen Umsetzung des Konzepts durch die Lehrkréfte (wie sie anhand von
Selbstberichten eingeschitzt wird) und der tatsdchlich erlebten Individualisierung durch die
Schiiler*innen (wie sie anhand von Selbstberichten eingeschitzt wird) besteht, konnen
theoretische = Behauptungen iiber die Wirksamkeit von Individualisierung im
Unterrichtskontext empirisch untersucht werden. Zu diesem Zweck wurden in insgesamt 57
Klassen aus 34 hessischen Grundschulen Daten iiber den Deutschunterricht in der dritten
Klasse erhoben. Fiir die Lehrkraftperspektive (N = 57) wurden Teile des DSAQ-Fragebogens
(Prast et al., 2015) am Ende des Schuljahres und ein retrospektiver Fragebogen, der alle drei
Wochen wiederholt wurde, verwendet. In-situ-Beobachtungen wurden einmal wihrend des
Schuljahres von geschulten Beobachtenden anhand eines standardisierten Fragebogens

durchgefiihrt. Die Schiiler*innenperspektiven (N = 621) wurden am Ende des Schuljahres mit
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einem kurzen Selbstauskunftsfragebogen (Dumont, 2016) erhoben. Individualisierter
Unterricht wurde operationalisiert als Situation in der mindestens ein*e Schiiler*in an einer
anderen Aufgabe arbeitete als der Rest der Klasse.

Alle drei Perspektiven ergaben zuverlédssige Indikatoren fiir Individualisierung, aber
nicht alle stimmten miteinander iiberein. Wir fanden eine betrichtliche Ubereinstimmung
zwischen Schiiler*innen und Beobachtenden aber weder Schiiler*innen noch Beobachtende
stimmten mit den Selbsteinschdtzungen der Lehrkréifte iiberein. Bei der Verwendung
retrospektiver Lehrkraftbewertungen, die kurz nach dem interessierenden Zeitpunkt abgegeben
wurden, zeigte sich, dass die Schiiler*innenbewertungen signifikant mit diesen korreliert
waren. Die gefundene Ubereinstimmung zwischen den Perspektiven deutet auf ein
gemeinsames Verstidndnis des Konstrukts auf Klassenebene hin und liefert einige Belege fiir
die Validitit der verwendeten Messinstrumente.

In der vierten Schrift werden Ergebnisse zu positiven Effekten von
Lernverlaufsdiagnostik  auf den Lernzuwachs repliziert, ergdnzt durch eine
Moderatorenanalyse, die zeigt, dass vor allem Kinder mit schwachen Leistungen zu Beginn
des Schuljahres von der Implementation des Verfahrens profitieren. Dazu wurden
Schiiler*innen (N = 668) aus 77 Klassen (von denen 41 die Lernverlaufsdiagnostik
verwendeten) zu Beginn des Schuljahres und nach den Sommerferien getestet. Zu beiden
Zeitpunkten wurde ihr Leseverstindnis mit dem ELFE II (Lenhard et al., 2017) gemessen. Die
Schiilerinnen und Schiiler in den Lernverlaufsdiagnostik-Klassen zeigten im Durchschnitt
bessere Fortschritte im Leseverstdndnis als in den Kontrollklassen, was auf einen generellen
Vorteil des Einsatzes von Lernverlaufsdiagnostik hinweist. Dieser Effekt war besonders
ausgepragt bei Schiiler*innen mit niedrigem Ausgangsniveau im Leseverstdndnis, wéihrend bei
Schiiler*innen, die beim Pritest eine Standardabweichung liber dem Mittelwert lagen, kein

signifikanter Unterschied festgestellt wurde. Dies deutet darauf hin, dass die Informationen,
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die die Lernverlaufsdiagnostik liefert, vor allem dazu beitragen, Leseschwichen zu erkennen
und Kinder mit Schwéchen individuell zu fordern, aber anscheinend nicht dazu genutzt werden,
den Unterricht an die spezifischen Defizite von Kindern mit durchschnittlichen oder hohen
Leistungen anzupassen.

Zusammengenommen  bestdtigen diese Befunde die Notwendigkeit von
individualisiertem Unterricht fiir die Maximierung der Lernzuwéchse einzelner Schiiler*innen.
In einem Feld, in dem die einschldgige Forschung iiber mehrere verschiedene Disziplinen und
Analyseebenen verteilt ist, dient die vorliegende Dissertation als wichtige Briicke zwischen
konzeptionellen Uberlegungen und dem tatsiichlichen Unterricht im Klassenzimmer. In Bezug
auf die Methodik zeigt sie auf, dass eine wirksame Individualisierung im besten Fall auf einer
dynamischen und multivariaten Diagnostik beruhen sollte. SchlieBlich zeigt sie den Nutzen
von personenzentrierten Analyseansétzen fiir die Beantwortung von Fragen nach der
differentiellen Wirksamkeit von Unterrichtsansitzen bei multivariaten Lernendenprofilen.

Zukiinftige Forschung konnte diese Befunde aufgreifen um den Mehrwert multivariater
Lernendenprofile in anderen Doménen als Lesen zu bestitigen und mit einem dynamischen
Modellierungsansatz zu verkniipfen. Auch wére es interessant, die Rolle von individualisiertem
Unterricht als Mediator der positiven Effekte von Lernverlaufsdiagnostik empirisch zu
untersuchen. Die vorliegende Arbeit liefert fiir beide Fragestellungen methodische und

konzeptuelle Grundlagen.
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Abstract
Personalized education — the systematic adaptation of instruction to individual learners — has
been a long-striven goal. We review research on personalized education that has been
conducted in the laboratory, in the classroom, and in digital learning environments. Across all
learning environments, we find that personalization is most successful when relevant learner
characteristics are measured repeatedly during the learning process and when these data are
used to adapt instruction in a systematic way. Building on these observations, we propose a
novel, dynamic framework of personalization that conceptualizes learners as dynamic entities
that change during and in interaction with the instructional process. As these dynamics manifest
on different timescales, so do the opportunities for instructional adaptations — ranging from
setting appropriate learning goals at the macroscale to reacting to affective-motivational
fluctuations at the microscale. We argue that instructional design needs to take these dynamics
into account in order to adapt to a specific learner at a specific point in time. Finally, we provide
some examples of successful, dynamic adaptations and discuss future directions that arise from
a dynamic conceptualization of personalization.
Keywords: Aptitude-Treatment-Interaction, Personalization, Individualization,

Formative Assessment, Intelligent Tutoring Systems
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Developing Personalized Education: A Dynamic Framework

The personalization of education has been a desired goal in educational science and
practice for more than 200 years. Educators and policymakers alike are putting their hopes in
personalization as a panacea for achievement gaps, lack of student motivation, and more
effective instruction in general. Broadly construed, personalized education refers to the
adaptation of instruction to a specific learner and is juxtaposed with “traditional” instruction
that is targeted at entire groups of learners. By changing the mode, content, or rate of instruction
in accordance with some characteristic of the learner, it is suggested that individual
shortcomings of learners can be addressed and their resources leveraged (Dockterman, 2018).

A key argument for the efficacy of personalization can be drawn from empirical
demonstrations that learning gains in one-on-one tutoring are up to two standard deviations
higher than in conventional classroom instruction (Bloom, 1984). This phenomenon and the
subsequent desire to scale up the relevant instructional components to larger groups of learners
became known as the 2-sigma-problem in educational psychology (e.g., Barrows, Myers,
Williams, & Moticka, 1986; Corbett, 2001). Although later studies reported less extreme effect
size differences (e.g., Vanlehn, 2011), scaling up the benefits of one-on-one tutoring to larger
groups of learners has remained one of the driving forces behind research on personalization.

Bloom (1984) explained the considerable effect of one-on-one tutoring in his studies
by arguing that a personal tutor is better able to assess the individual characteristics of the
specific learner and to select appropriate instructional methods and materials — such as
identifying the zone of proximal development (Rieber & Carton, 1988) and choosing tasks that
are located within it. Other benefits of tutoring include fluent adaptations of the instructional
method during the tutoring process as well as dynamic reactions to fluctuations in affective or

motivational states of the learner. (Lehman, Matthews, D’Mello, & Person, 2008)
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More recently, Bloom’s explanations have been supported by the emergence of
Intelligent Tutoring Systems (ITS), which have been shown to greatly increase learning gains
when compared to regular instruction (Ma, Nesbit, & Liu, 2014; Steenbergen-Hu & Cooper,
2014). ITS have two defining features: (1) student modelling, that is, the assessment of several
specific learner characteristics through direct measures (e.g., correct or incorrect responses to
tasks) or indirect measures (e.g., logfiles of clicking behavior) and (2) the subsequent
adaptation of instruction. The success of these tutors can therefore be conceptualized as a
success of personalized education. The benefits of personalization can not only be seen in
digital environments, however. Even in a conventional classroom context, there is mounting
evidence for increased learning gains through personalized instruction across a wide range of
settings and subjects (Connor, Morrison, Fishman, Schatschneider, & Underwood, 2007;
Connor et al., 2009; Jung, McMaster, Kunkel, Shin, & Stecker, 2018; Slavin & Karweit, 1985;
Stecker, Fuchs, & Fuchs, 2005; Waxman et al., 1985).

This paper is not intended as a comprehensive review of the expansive literature on
personalized education. Instead, we aim to scope out a new direction that adopts a dynamic,
person-centered perspective on the subject while still maintaining a systematic and data-based
approach. By taking intraindividual dynamics into account, it is possible to adapt instruction
not only to a specific learner but also to that learner at a specific point in time. To achieve this,
we first look at three different environments in which personalized education has been studied:
laboratory research, digital learning environments, and traditional classroom environments. We
then highlight commonalities that underlie effective personalization across all three
environments — dynamic assessment and subsequent data-driven adaptations of instruction
and/or assistance. We conclude that, for personalized education to be effective, dynamic

student modeling is needed. A student model is considered dynamic if it accounts for potential
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changes in relevant learner characteristics that may occur during the instructional process.
Teaching agents need knowledge on which learner characteristics are relevant for the learning
process at different timescales and on the different ways in which these can vary — between
individuals, within individuals over time, and in response to interventions.

In the last part of this manuscript, we present a dynamic framework of personalized education
that offers a systematic classification of different learner dynamics over different timescales,
as well as a broad characterization of the corresponding instructional adaptations. Since our
focus lies on the dynamic modelling of learner characteristics, we only briefly touch upon these
adaptations by providing some promising examples as well as some references for further
reading.

What is Personalized Education?

We define personalized education as the data-based adjustment of any aspect of
instructional practice to relevant characteristics of a specific learner. Relevant learner
characteristics are defined as all variables that explain (or are assumed to explain) variance in
learning outcomes. By instruction, we mean any interaction between learning and teaching
agent that has (or is assumed to have) direct or indirect relevance for the learning process.

In the personalized education literature, there are several related terms that are used
sometimes interchangeably, sometimes carrying slightly different connotations. For the
purpose of this article we are using ‘adaptive’ as an umbrella term for all educational
approaches that adjust some aspect of instruction based on a measured or predicted
characteristic of a learner or group of learners. We are using ‘personalization’ synonymous with
‘individualization’, meaning that the adjustment of instructional practice is targeted at a
specific learner and thus implying some form of assessment or modelling. This is in contrast
to ‘differentiation’, which we use for any practices that adjust instruction to different groups of

learners. Figure 1 details the loop that we deem necessary for effective personalization.
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Learner

Characteristics Student Model

Instructional Design Learning Progress

Figure 1. General Personalization Loop. Ellipses correspond to the learning agent, boxes
correspond to the teaching agent

This loop consists of the following sequence of steps:

Step 1 — Initial Assessment of Learner Characteristics: Identifying those learner characteristics

that are relevant for the specific learning process and assessing them in order to establish a

student model

Step 2 — Instructional Design: Designing an instructional unit that forms or facilitates the next

step towards the overarching learning goal.

Step 3 — Progress Assessment: Using the information from task performance and embedded

assessment to update the student model based on the progress in the to-be-learned material.
These data- or system-driven personalization endeavors represent one end of a

continuum. The other end of this continuum puts the focus on learner participation in goal

setting and task selection, allowing learners to personalize their own learning path. The

predominantly learner-driven approach is quite prevalent in educational science and teacher

education (e.g., Crosby & Fremont, 1960) as well as in e-learning programs (McLoughlin &

Lee, 2009). The assumption behind these learner-driven approaches is that learners will
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generally know best what is best for them. Psychological research on metacognition, however,
shows that this is not necessarily the case and learners do not always select the most appropriate
tasks (Nugteren, Jarodzka, Kester, & Van Merriénboer, 2018; Son & Metcalfe, 2000). We posit
that simply shifting control to the learner is not sufficient for personalized instruction. Rather,
the amount of learner control should be carefully selected in accordance with the learning
prerequisites as well as with the learning goals. For an exemplary model of such a dynamic
allocation of control see (Corbalan, Kester, & Van Merriénboer, 2006).
Existing Research on Personalized Education

In the following three sections, we will briefly review existing research in the field of
personalized education. We will begin with research on aptitude-treatment interactions, which
form the basis for effective personalization. We will then examine different approaches to
personalize learning in a classroom setting, before moving on to personalized education in
digital learning environments.
Aptitude-Treatment Interactions

The main paradigm under which psychology has studied personalization is called
aptitude-treatment interactions (ATI). The concept was established by Lee Cronbach, who saw
in it the synthesis of correlational (aptitudes) and experimental (treatment) psychology
(Cronbach, 1957). Using methods of correlational psychology, interindividual differences in
relevant characteristics (aptitudes) are assessed and used to group people with similar values
together. Then, relying on experimental psychology, people from these groups get randomly
assigned to different treatments. If a disordinal interaction is found (Group A learns best under
Treatment A, Group B under Treatment B), there is evidence for the efficacy of providing
learners with different treatments, based on that particular aptitude. The existence of these
interactions is a necessary prerequisite for any form of personalization to show direct effects

on learning. Without the existence of ATIs, some learners may learn better than others and
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some instructional parameters may foster learning better than others but there would be no
advantage of adapting instruction to specific learners.

Over the following 40 years, a lot of research was carried out using this paradigm —
with remarkably sparse robust results (see Tobias, 1989). While a few disordinal interactions
between aptitude measures and different treatments have been found (see Cronbach, 1975), the
vast majority of ATI studies found no or only ordinal interactions (both groups learn better
under Treatment A, but the difference between treatments is bigger for one group). Cronbach
and Snow's (1977) exhaustive review of the early literature on ATI studies concluded that "no
aptitude by treatment interactions are so well confirmed that they can be used directly as guides
to instruction (page 492). Several more recent reviews also reached the same conclusion,
speculating on different reasons for this apparent failure, including a focus on laboratory
experiments (Shapiro, 1975), factorially complex aptitude measures (Bracht, 1968), a focus on
the surface structure of treatment (Tobias, 1989), and low specificity of to-be-learned content
(Driscoll, 1987). Besides these mainly conceptual shortcomings, there exists also a series of
methodological concerns that may lead to a reduced prevalence of demonstrable ATIs, chief
among them a disregard for multilevel structure of data, a lack of statistical power (Preacher &
Sterba, 2018), as well as a focus on linear modelling, which may lead to biased or false negative
results when the true relationships between aptitudes and treatments are nonlinear (Bauer &
Cai, 2009; Dumas, McNeish, & Greene, 2020).

Of note, none of the reviews on ATIs have reached the conclusion that they simply do
not, or only in very rare circumstances, exist. The concept has such a high face validity that it
seemed more reasonable to assume that researchers just had not yet looked in the right places

(Tobias, 1989), or in the correct way (Shapiro, 1975). The demonstrated efficacy of data-based
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individualization also strongly implies some kind of ATIs existing; no other mechanism has
been proposed so far to be responsible for these effects.

A special case of ATI is the expertise reversal effect (Kalyuga, 2007). The expertise
reversal effect is present if a certain instructional parameter leads to increased learning gain in
novices, but decreased learning gains in experts. This effect is particularly interesting in the
context of this paper as it highlights the need for a dynamic conceptualization of aptitudes.
Instructional parameters that prove effective at the beginning of a learning process (low
expertise) can actively impede learning as expertise grows. Even an intervention as simple as
reading a short text can drastically alter the effectiveness of subsequent instruction (Rey &
Fischer, 2013).

Interim Conclusion: Aptitude-Treatment Interactions

If ATIs exist, why are they so hard to find even when researchers are actively looking
for them? We believe that the aptitude concept used in most ATI studies, which stems from
differential/correlational psychology, does not suffice to answer questions about differential
effectiveness of treatments. Instead, a dynamic perspective is needed for the following reason.
By design, ATI research focuses on average differences between groups of students and from
there tries to draw conclusions about the learning processes of individual students. Since
learning processes are always intraindividual processes, trying to approach them by analyzing
interindividual differences is suboptimal. Many different combinations of long-term (e.g.,
maturational and environmental) and short-term (e.g., affective-motivational) processes can
lead to the same value on a scale of interindividual differences (Borsboom, Kievit, Cervone, &
Hood, 2009) but can indicate completely different instructional practices (Bracht, 1970).
Researchers usually operationalize aptitudes via single measurement points. Learners and their
specific aptitudes vary considerably in their general stability, their developmental trajectories,

and their responsiveness to instruction. An initial measure of, for example, metacognitive skills
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can capture learners at the upper or lower end of their intraindividual distributions, at the
beginning or the end of a developmental process, and directly before or after an intervention
that completely changes the value. Research in developmental psychology, however, suggest
that learners and their aptitudes are dynamic entities that a) change over time, b) are sensitive
to different interventions, and c¢) fluctuate (for a similar distinction, see Nesselroade, 1991).
Personalized Learning in Digital Learning Environments

One of the most common forms of personalization in digital learning environments is
the adaptation of instructional materials to fit the ‘learning style’ of the learner (Kumar &
Ahuja, 2020; Truong, 2016; Yang, Hwang, & Yang, 2013). Despite its widespread prevalence
(not just in e-learning) and some empirical studies reporting increased learning gains through
consideration of the individual learning styles, the validity of the concept as well as the
robustness of the evidence has been heavily disputed (Kirschner, 2017; Pashler, McDaniel,
Rohrer, & Bjork, 2008). Other personalization strategies include adapting to the users
‘intelligence profile’, ‘media preferences’, prior knowledge, or motivation level. These
adaptations are usually based on a single initial assessment of the characteristic in question
which is then used to sort the learner in one of several discrete groups. (Essalmi, Ayed, Jemni,
Graf, & Kinshuk, 2015).

Despite those personalization strategies, a meta-analysis on the effectiveness of e-
learning programs for nurses found no benefit compared to regular instruction (Lahti, Hdténen,
& Viliméki, 2014). Similarly, Sitzmann, Kraiger, Stewart, & Wisher (2006) found no
advantage of e-learning over classroom instruction in their meta-analysis, as long as the same
instructional methods were used in both conditions.

In contrast, the research tradition of intelligent tutoring systems (ITS), a subfield of e-

learning, have taken a much more dynamic approach to personalization. ITS are, by definition,
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computer programs that model learners’ psychological states to provide personalized
instruction (Ma et al., 2014). These so-called student models allow personalization over and
above adjusting the difficulty of the next task based on the performance in the current one or
assigning the user specific content based on static pretest measures. Several meta-analyses have
shown the effectiveness of these systems across different domains and contexts (Corbett, 2001;
Ma et al., 2014; Steenbergen-Hu & Cooper, 2014), leading to the conclusion that dynamic
student modelling and subsequent adaptations are an effective mechanism for promoting
learning gains.

While this line of research does not allow statements about isolated interaction effects
of specific treatment variables with specific aptitudes, it does provide some empirical evidence
regarding the efficacy of adapting to specific characteristics. Characteristics that have been
successfully adapted to, over and above prior knowledge, include metacognitive skills
(Azevedo, Witherspoon, Chauncey, Burkett, & Fike, 2009), current affect (D’Mello, Olney,
Williams, & Hays, 2012; Lehman et al., 2013), and motivation (Walkington, 2013; for a
comprehensive overview of different adaptations in ITS see Aleven, McLaughlin, Glenn, &
Koedinger, 2017).

Interim Conclusion: Personalization in Digital Learning Environments

The discrepancy between the null effects found for many forms of e-learning and the
convincing evidence for the efficacy of ITS further strengthens the point that the success of
ITS can not just be traced back to them being computer-based (and thus flexible and
delocalized). Instead, it seems plausible to conclude that they are caused by the dynamic
assessment and subsequent instructional adaptations that set ITS apart from other forms of e-
learning. While most e-learning systems claim some form of ‘individualization’ or

‘personalization’ of content based on some form of pretest, the lack of significant effects on
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learning gains of these adaptations suggests that dynamic assessment likely is a necessary
precursor for effective personalization.

To conclude, while digital learning environments offer the potential for new ways to
personalize instruction, the empirical evidence indicates that just because something is
personalized, it does not mean that it automatically fosters learning. Adapting to learner
characteristics that are not strongly connected to learning processes (such as learning styles) or
using static modelling as a basis for adaptations can be seen as potential culprits for ineffective
personalization attempts. In contrast, using dynamic modelling to assess and adapt to relevant
learner characteristics can lead to learning gains only rivalled by one-on-one human tutoring
(Corbett, 2001; Vanlehn, 2011).

Personalized Learning in the Classroom

The most basic approach to data-based personalization in classroom contexts is ability
grouping — the grouping of students with similar ability (usually measured once at the start of
the program) either in different classes or within a class in order to present different materials
or progress content at a different pace for the separate groups (Slavin, 1987). While still a far
cry from true personalization, the appeal of these methods lies in their practicability.
Administering a single test to measure ability in broad categories is already part of most school
systems and providing specific instruction to 2-3 different groups of students is much less
daunting a task than doing so for 20-30 individual students. In their field study on
individualized mathematics instruction, (Slavin & Karweit, 1985) found a clear benefit of
ability grouping vs. conventional whole-class teaching as well as a clear benefit of a completely
personalized model (Team Assisted Individualization) vs. ability grouping on student

achievement.



65

Formative Assessment, also known as learning progress assessment or curriculum-
based measurement is the most widespread approach to systematically personalize education
in classrooms. Black and William (2009, p. 5) have put forward the following definition of
Formative Assessment: “Practice in a classroom is formative to the extent that evidence about
student achievement is elicited, interpreted, and used by teachers, learners, or their peers, to
make decisions about the next steps in instruction that are likely to be better, or better founded,
than the decisions they would have taken in the absence of the evidence that was elicited.” This
stands in contrast to summative assessment, which is not meant to directly inform further
instruction but rather provide a summary of the knowledge or skill level of the learner at the
end of a predefined period (Harlen & James, 1997).

The concept of Formative Assessment originated in the field of special education, and
was thought of as an advancement upon Bloom’s mastery learning (Deno, 1990; Fuchs, 2004;
Wesson, King, & Deno, 1984). In the classical mastery learning approach (Bloom, 1968),
students are repeatedly tested on the content they are currently trying to learn — upon reaching
a certain proficiency they advance to the next content (and are tested on that). In the Formative
Assessment approach, the students regularly complete parallel tests on the content they should
have mastered by the end of the year/semester. This allows the teaching agent to continuously
monitor progress on a single scale and to adapt the instruction in case of stagnation. In the
beginning of the 21" century, this concept began to gain a lot more traction internationally and
in general educational sciences and the evidence for its effectiveness grew (Black & Wiliam,
2009; Forster & Souvignier, 2014; Klauer, 2011; Stecker, Fuchs, & Fuchs, 2005; Waxman et
al., 1985).

Even though different Formative Assessment procedures vary significantly in several
parameters (type of feedback, learner or teacher driven, one- or multidimensional etc.), they all

incorporate some dynamic assessment of learning progress on an individual basis and they all
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seem to have at least some positive effects on learning, compared with a business-as-usual
control group. This has been shown in several meta-analyses reporting effect sizes of d = 0.32
in regular classrooms (Kingston & Nash, 2011), and higher ones for students with special
educational needs (Jung et al., 2018).

Interim Conclusion: Personalization in the Classroom

The effectiveness of Formative Assessment procedures compared to regular classroom
instruction also highlights the advantages of dynamic modelling through repeated
measurements during the learning process. Usually, formative assessment is only used to track
(multidimensional) domain knowledge, but using similar techniques to also measure progress
in characteristics such as metacognitive skills or strategy knowledge to identify and address
shortcomings could be a worthwhile endeavor.

A challenge that Formative Assessment poses to scientists researching personalized
education is that the actual instructional adaptations are usually left up to the practitioners.
Their dynamic nature makes it quite hard to reliably assess or prescribe them. While the above-
mentioned success of these practices shows that many teachers are able to draw meaningful
conclusions from the assessment data, the absence of information concerning the instructional
adaptations still poses a significant obstacle to furthering our understanding about
personalization in detail.

Synthesis

An overall conclusion that can be drawn from the research discussed thus far is that
personalization seems to be more successful when it takes the dynamic nature of learning
processes into account. Dynamic means that the constituting factors of successful learning can

change during and in interaction with the instructional process.
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Evidence for this conclusion can be drawn from the surprising lack of clear ATIs using
static aptitude measures as well as from the success stories of ITS and Formative Assessment,
both of which use dynamic assessment procedures to create and update student models,
allowing the teaching agents to continuously adapt their instruction to a developing learner. We
argue that the success of these practices is a direct consequence of this dynamic approach to
student modelling.

Generally speaking, a student model is any abstract representation of a learner that is
being held by a teaching agent (Holt, Dubs, Jones, & Greer, 1994). These student models can
be formal, such as the placement on a distribution of test scores, or informal, such as a teacher
believing someone to be a fast learner, as well as high-level, such as an aggregated grade over
a whole school year in a specific subject, or low-level, such as a specific mistake a student
made twice in a row. Static student models get established once, usually to compare the student
either to a comparable sample or to a specific criterium. Their underlying conceptualization is
deterministic, that is, knowledge about the learning prerequisites as well as the specific
instructional parameters is deemed sufficient to determine learning progress over a longer
period of time. While we do not want to dispute that this is theoretically possible when knowing
all relevant prerequisites, it does not seem to be a realistic proposition. Dynamic modeling
deals with this lack of information by leaving room for differing individual trajectories.
Repeated measurements can be used to correct mistaken assumptions and better determine
future learning.

Not only do static characterizations potentially lead to an aptitude-treatment mismatch,
they can also deprive the learner of the opportunity to acquire the lacking aptitudes. An
example of this can be seen in a study in which learning gains increased for low-engagement
students when presented with material which did not correspond to their preferred learning

style (Kelly & Tangney, 2006). Another (hypothetical) example would be a teaching agent
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measuring the metacognitive skills of a learner and concluding from a low value that the learner
needs a lot of explicit feedback and guidance in task selection. This in turn drastically reduces
the learning opportunities for the student to actually improve in judging their own learning and
selecting appropriate tasks — a phenomenon known as part of the assistance dilemma (see
Koedinger, Pavlik, Mclaren, & Aleven, 2008).

A dynamic modeling approach is not a new invention in research on learning.
Developmental psychology has been using so-called microgenetic methods (consisting of
highly frequent measurements during times of interesting developmental processes) since the
1920s to better understand the development of cognitive competencies in early childhood
(Catan, 1986). Recently, there has also been a rise of studies employing measurement-intensive
longitudinal designs and recognizing the potential of within-person analyses as well as dynamic
measurement models in educational research (Dumas et al., 2020; Murayama et al., 2017).
Even for presumably stable traits, such as intelligence, dynamic testing procedures have been
shown to produce educationally relevant information beyond that produced by static tests
(Resing, de Jong, Bosma, & Tunteler, 2009; Vogelaar, Resing, & Stad, 2020). The underlying
assumption behind dynamic assessment is that learners change during and in interaction with
the instructional process. If the characteristics of learners were stable entities that completely
predicted learning outcomes under specific treatment conditions (as assumed in the early days
of ATI research), there would be no need for dynamic modeling and thus no measurable
advantage in employing it. Since the evidence clearly points to increased learning gains as a

result of dynamic modeling (and subsequent adaptations), we will now turn to the different
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ways learners and their characteristics can change, as well as the educational relevance of these
changes.
Learner Dynamics
Leaning on the conceptualization of Hertzog and Nesselroade, 2003, we propose that

there are three main ways in which relevant characteristics of a learner can vary: along an
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individual developmental trajectory, in response to an intervention, as well as in short-term

fluctuations.
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Figure 2: Development of two fictional learners in a single aptitude over the course of
months, days and hours. Figure 2: Development of two fictional learners in a single aptitude
over the course of months, days and hours.
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Figure 2 depicts the fictional change of a single aptitude of two learners over time. This
aptitude could, for example, be learners’ metacognitive control skills. In the uppermost graph
we can see the development over several months. Both learners show a gradual increase that
changes in steepness over time with certain periods of more pronounced development. We can
also see that there are clear differences between the learners in the measured level of the
aptitude at most time points.

As soon as we zoom in on a particular point in time and look at the development from
day to day, we can see that the value for the aptitude of both learners also shows a systematic
trend — this can be caused by instructional input or some other intervention, such as changes in
the environment of the learners. Learners react quite differently to the same instruction and
already simple interventions can have far-reaching consequences for the development of
specific aptitudes. These changes operate on a much smaller timescale than the developmental
processes outlined above (and need to be accompanied by regular assessment to be correctly
modeled).

By zooming in even further and looking at the processes within a specific day, we can
see that the value for the aptitude of both learners fluctuates. Even though one of them shows
a higher average performance, on specific tasks he or she may perform far below the other. We
can also see that the amplitude and frequency of these fluctuations differs between people. A
high amplitude in intraindividual fluctuations of relevant aptitudes can lead to very unstable
performance patterns and indicates a need for instructional adaptations.

As can be seen in Figure 2, obtaining an aptitude measure at a single point in time may
be influenced by all three dynamics, making it difficult to infer appropriate instructional
adaptations. By using repeated measures at different timescales, the teaching agent can identify

if a performance is typical, if an intervention was successful for a specific learner, or if a learner
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needs additional assistance on a specific day. Particularly if dynamics at the different time
levels are nonlinear (as in Figure 2), a sufficiently dense temporal resolution of measurements
is necessary to capture them. In the following sections, we will have a closer look at how
knowledge about learner dynamics on different timescales can be used to inform instructional
decision making.

Learner Dynamics on the Macroscale

We define the macroscale as the timescale of months to years. The main driver behind
learner dynamics on the macroscale are developmental processes. Developmental processes
are changes in relevant learner characteristics that are part of the regular development of
students. These can be caused by maturation of brain structures, common environmental
influences (such as the onset of schooling) as well as potential interactions between them. The
attainment of mastery in a certain domain can also be conceptualized as a developmental
process. These developmental trajectories differ from person to person (and from characteristic
to characteristic) in their intercepts, slopes, and general shapes.

The performance on working memory tasks is a prime example of a developmental
trend. It is increasing rapidly roughly up to the age of nine for simple tasks and roughly up to
the age of thirteen for complex tasks (Luciana, Conklin, Hooper, & Yarger, 2005). Other
characteristics show flatter developmental trajectories. This is the case for most affective-
motivational factors, which remain relatively stable across the lifespan despite showing
remarkable short-term variability (e.g., Rocke & Brose, 2013).

In a learning context, the macroscale is the scale of higher-order goals, such as mastery
and skill acquisition. The most obvious example of instructional decision making on the macro
scale is the grade-based school system. In most educational systems, students get sorted into

groups according to their age, which then get assigned to specific curricula that are assumed to
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be suitable for that specific age group. The underlying theory behind this grouping is that most
relevant differences between learners are developmental differences and that the shape of the
trajectories is relative consistent across learners. Some assumed cases of accelerated or
protracted development can easily be addressed by assigning children to slightly higher or
lower age groups (Dockterman, 2018). The decision as to which skill or content to master is
often out of control of the single teaching agent, but the specific individual learning goal and
the optimal learning path towards that goal still need to be determined.

Most digital learning environments also try to guide learners to a specific, preset
learning goal and only come into play after the to-be-mastered content has been selected.
In laboratory settings, there also exists evidence for differential effectiveness of treatments
based on the age of the learner (see Breitwieser & Brod, 2020).
Learner Dynamics on the Mesoscale

We define the mesoscale as the timescale of days to weeks. The main driver behind
learner dynamics on the mesoscale are intervention-induced changes. Intervention-induced
changes describe any changes in relevant learner characteristics that result directly from an
intervention. Under a broad definition, every instructional unit can be conceptualized as an
intervention intended to modify the domain knowledge of the learner. In a more specific sense,
the fact that some characteristics respond to targeted small-scale interventions opens up
leverage points for teaching agents. Instead of adapting instruction to a specific characteristic,
teaching agents can chose to modify it to have a better basis for subsequent instruction. A prime
example of a characteristic that shows strong intervention-induced changes is the strategy
knowledge of learners (e.g. Ryan, Short, & Weed, 2008). With short strategy trainings, learners
can expand their repertoire of available learning strategies, which can lead to increased learning

gains at the domain level.
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In a learning context, the mesoscale is the scale of instructional units — bundles of tasks,
explanations, examples etc. that can be processed in one session. Each instructional unit should
present the next logical step towards the overarching learning goal and the difficulty should be
adapted to the learning progress of the particular student. If a particular skill or knowledge
component that would be required to proceed towards the learning goal is found to be missing,
an instructional unit targeting that component should be presented.

Most ITS track multidimensional domain knowledge in order to generate appropriate
instructional units (Nwana, 1990), but there are also several examples of small-scale
interventions that are targeted at other characteristics that are identified as relevant for learning,
such as metacognitive skills (Aleven, Mclaren, Roll, & Koedinger, 2006; D’Mello, Olney,
Williams, & Hays, 2012) or epistemic emotions (Lehman et al., 2013). Formative assessment
is also primarily operating on the mesoscale — the learning progress caused by the previous
instruction gets measured in order to better inform subsequent instruction. This includes simple
adaptations of difficulty as well as addressing specific gaps in knowledge or skills of individual
learners. Finally, there is a long tradition of laboratory research showing the potential of
utilizing the malleability of characteristics such as metacognition (Eslami Sharbabaki H, 2013)
or strategy knowledge (Ryan et al., 2008) to increase domain-level learning gains.

Learner Dynamics on the Microscale

We define the microscale as the timescale of minutes to hours. The main driver behind
learner dynamics on the microscale are short-term fluctuations in relevant characteristics. An
obvious example of a characteristic fluctuating in value is the affective state of a learner. The
way we feel can change from moment to moment. But even characteristics that are traditionally
assumed to be stable traits, such as working memory capacity, have been shown to manifest

substantial intraindividual variance, not just from day to day but even from moment to moment



75

(Dirk & Schmiedek, 2016) These fluctuations happen over larger timescales as well, but their
relevance for educational decision making mainly lies in the microscale.

This relevance is partially shown in classroom education, where the concept of
assessing and modifying students affective and motivational states on a day-to-day (or even
moment-to-moment) basis forms part of what has been called the ,supportive
climate® dimension of good teaching (Fauth, Decristan, Rieser, Klieme, & Biittner, 2014).
Teaching that fosters a supportive climate has been linked to increased student engagement and
achievement (Reyes, Brackett, Rivers, White, & Salovey, 2012).

There is also a growing base of research attempting to automate affect detection in
classrooms via facial recognition systems (Bosch et al., 2016; Dragon et al., 2008). Studies on
human one-on-one tutoring have likewise shown that expert tutors monitor the affective states
of their tutees and engage in pedagogical moves such as off-topic conversation or positive
feedback to counteract significant negative affect (Lehman et al., 2008).

Additionally, there are several examples of ITS fine-tuning some part of their content
on a moment-by-moment basis, based on intraindividual fluctuations in affective, cognitive, or
process variables. GazeTutor is using eye-tracking to detect boredom and disengagement in
learners and tries to reengage them via dialog/animation and has been shown to increase
learning gains compared to an equivalent system without affect modeling (D’Mello et al.,
2012). Help Tutor und Meta-tutor are tracking difficulties in metacognitive monitoring/control
that the learner exhibits (such as inefficient help seeking) and offering prompts aimed at
improving these behaviors (Aleven, Roll, McLaren, & Koedinger, 2016; Azevedo et al., 2009).
Most ITS are also providing feedback during task processing that adapts to the specific errors
and/or the solution path the student has chosen (Koedinger, Brunskill, Baker, McLaughlin, &

Stamper, 2013; Vanlehn, 2011).
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A Dynamic Framework of Personalized Education
Taking into account these different learner dynamics and their relevance for learning
processes on the different timescales, Figure 3 provides an updated version of Figure 1 and
highlights the relevant instructional decision-making processes and opportunities for

adaptations at each of the different timescales.
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Formative
Summative

Assessment

Learning Progress

~

Learning Goal
Selection ™

-
Instructional Design Assistance ‘ Fluctuations
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Figure 3: A dynamic framework of personalization on three different timescales. Ellipses
correspond to the learning agent, boxes to the teaching agent.

In order for personalized learning to be effective, the general learning prerequisites
(which are influenced by the individual developmental trajectory and the current age) over all

relevant characteristics should be assessed as they inform the instructional decision making on
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all timescales. Information from this initial assessment can be supplemented and adjusted by
repeated measurements throughout the learning process.

The elements colored in red show the macroscale of personalization. The main
instructional decision to be made on that scale is the selection of an appropriate higher-order
learning goal. Progress towards mastery of that goal can be continuously measured and in case
of stagnation, instructional change can be implemented. This cycle of assessing the learner
prerequisites, setting a reasonable learning goal, and employing summative assessment
practices to check whether mastery was achieved (which influences the learning goals for the
next cycle) is the backbone of personalized instruction at the macroscale. As described above,
decisions on the macro level are often predetermined by context and thus difficult to truly
personalize. Nevertheless, adapting to student characteristics on the macroscale was
historically one of the first steps from homogenous ability grouping towards truly personalized
instruction (Dockterman, 2018; Lee & Park, 2008)

Designing an instructional unit that falls in the zone of proximal development of the
learner and fits their individual learning prerequisites is the main instructional adaptation of
relevance on the mesoscale (colored in purple). As posited in Bloom’s mastery learning
approach (Bloom, 1968), the teaching agent needs to measure the success of the instructional
unit before proceeding with the next one. Upon completion of the unit, there needs to be some
assessment of the learning gains and subsequent selection/design of the next unit (located in
the zone of proximal development and presenting a logical next step on the way to the high-
level learning goal). This cycle of presenting an instructional unit, measuring the learning
progress with formative assessment procedures, and then using that information to design the
next instructional unit is the main way to personalize instruction at the mesoscale. An integral
part of designing personalized instructional units is “efficient” task selection. Personalizing

task selection based on predicted efficiency as well as learner preference has been shown to
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increase training and transfer performance, respectively, when compared to yoked control
groups (Salden, Paas, & Van Merrienboer, 2006).

If we take a closer look at the processes within an instructional unit (colored in blue),
we can see that the main way that a teaching agent can adapt on this scale is by selectively
giving or withholding assistance. We define assistance as any action a teaching agent takes that
facilitates progress in the current task (e.g. error specific feedback, scaffolding, hints). It is
important to note here that quicker or easier task progress does not necessarily translate to
increased learning gains. Studies on the assistance dilemma (Koedinger et al., 2008) generally
imply an inverted-U shaped relationship between task difficulty (after assistance) and learning
progress, where too little assistance can leave the learner unable to make progress on the task,
and too much assistance does not require the learner to engage in the cognitive processes
necessary for deep processing (and thus robust learning). Studies on the expertise reversal
effect (Kalyuga, Ayres, Chandler, & Sweller, 2003) also imply that, generally speaking,
extensive assistance should be provided if a task is new and difficult and then should be
gradually reduced as the learner gains expertise in that specific task. Besides this general trend,
assistance should also be given or withheld reactively, depending on fluctuations in relevant
characteristics. This means that if a learner is experiencing frustration, it might be advisable to
increase the amount of assistance for that specific task-step, regardless of the general amount
of expertise displayed. Assessing fluctuations in task performance or affective-motivational
factors ‘on-line’ (parallel to the task progress) and reacting by giving or withholding assistance
is the main personalization lever at the microscale.

These adaptations of provided assistance can take many different forms, ranging from
affective-motivational (e.g. D’Mello, Olney, Williams, & Hays, 2012) over metacognitive

support (e.g. Azevedo, Witherspoon, Chauncey, Burkett, & Fike, 2009) to the provision of hints
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or error specific feedback (Koedinger, Brunskill, Baker, McLaughlin, & Stamper, 2013;
Vanlehn, 2011).
Conclusion

This article summarized the key findings from three mostly distinct research traditions
on personalized education, synthesizing them into a comprehensive framework of personalized
instruction and highlighting the need for dynamic assessment. While there are examples of
successful personalization based on relatively stable pretest measures, empirical evidence as
well as conceptual considerations strongly point towards an advantage of dynamic modelling,
at least for those characteristics that show substantial intraindividual variance.

Assessing such characteristics at a high frequency throughout the learning process
provides a variety of relevant information. It allows to separate individual characteristics at the
macro, meso, and micro levels. This way, estimates of presumably stable trait characteristics
(e.g., aptitudes) may be measured with increasing precision as more observations are collected.
Also, individual differences in characteristics of observed learning curves, like learning rates
or asymptotes, may be parameterized, estimated, and used as prognostic information for further
learning processes that follow. Furthermore, the amount of intraindividual variability around
average levels or trends may provide useful information. For example, sustained strong
variability in task performance can give hints to instructors that the performance bottleneck lies
in a highly volatile characteristic, such as affect, motivation, or metacognitive control, rather
than in a stable (or monotonously increasing) characteristic such as domain knowledge. Finally,
information on how different relevant variables that show such variation are coupled (i.e.,
correlated at the within-person level) within learners across time may be of diagnostic value.
For example, Neubauer, Dirk, & Schmiedek (2019) report that within-child fluctuations (within
and across days) in working memory performance are coupled with different dimensions of

affect for different groups of children. Inferring such learner characteristics directly from
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process data may aid the on-line adaptation of learning circumstances to individual learners’
needs.

Other fields already lead the way towards dynamic modeling. In the field of clinical
psychology there has been a similar push towards dynamic intraindividual patient models
instead of basing personalization attempts on interindividual difference scores (Fisher &
Boswell, 2016). These allow a much better fit of the treatment to the needs of the patient, as
well as an easier adaptation of treatment parameters to changes in the process. We argue that a
dynamic conceptualization is also needed to bring the science of personalized education (and
ATI) forward.

This dynamic conceptualization undoubtedly brings with it an additional load for
teaching agents. They not only need to regularly assess relevant parameters but they also have
to use this information to inform subsequent instructional decisions. This load can be partially
constrained by knowledge about which characteristics can be reasonably expected to vary over
which timescale and the educational relevance of this variance. The presented framework
serves as a starting point for such considerations. By mapping out the decision space for
teaching agents, we identified relevant kinds of learner parameters on each timescale and
provided some rough classification of the different levels of instructional practice that can be
adapted: goal setting, design of instructional units/task selection, and assistance. The proposed
framework further constrains the selection of both learner parameters and instructional
parameters to those that are actually relevant on the specific timescale. It also provides a frame
of reference for the localization of future research questions regarding personalized education
by systematically differentiating between different kinds of learner dynamics, the learner

characteristics they apply to, as well as the instructional levers that can be manipulated.
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There has been substantial progress in research on personalized education in recent
years, not just towards more precise measurement and conceptualization of aptitudes, but also
towards a systematic classification of instructional adaptations. Nevertheless, we are still a long
way off from being able to reliably describe adaptations at different timescales based on learner
characteristics. In most Formative Assessment studies, the instructional adaptations are left up
to the practitioners, providing almost no mechanistical information regarding causes of the
observed benefit. Most classical ATT studies only define the treatment in very broad categories
(learner vs. teacher driven, high vs. low structure material) and thus fail to account for the
complex nature of instructional practice. Most ITS studies are designed to only evaluate a
complete ‘package’ of adaptations (e.g., a system that tracks and interacts with affect vs. one
that does not), providing evidence for or against the usage of that system but containing little
information about specific adaptations. Future research needs to better isolate specific
treatment variables in order to study their effects on specific learners at specific points in the
learning process. Only then can we move to a truly evidence-based practice of personalized

education, be it in the classroom, the laboratory, or in a digital learning environment.
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Abstract
The differential effectiveness of instructional approaches has been difficult to demonstrate for
learners who differ across multiple dimensions of learning prerequisites. In the present study,
we explored a person-centered approach to examining the differential effectiveness of reading
instruction. In N = 517 German third-grade students, latent profile analysis identified four
subgroups that differed across multiple characteristics consistent with the simple view of
reading: poor decoders, poor comprehenders, poor readers, and good readers. Over a school
year, different instructional foci showed differential effectiveness for students in these different
profiles. An instructional focus on vocabulary primarily benefited good readers at the expense
of poor decoders and poor comprehenders, while a focus on advanced reading abilities
benefitted poor comprehenders at the expense of poor decoders and good readers. These
findings demonstrate the utility of a person-centered approach to studying differential
effectiveness and point to the need for more individualized reading instruction. We argue for
the broad applicability of this approach to both differential effectiveness research as well as
dynamic approaches to individualized instruction. Implications for adaptive teaching in reading

instruction are also discussed.

Keywords: differential effectiveness, person-centered analysis, simple view of reading,

aptitude-treatment interactions, latent profile analysis
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Educational Impact and Implications Statement
This study demonstrates the utility of person-centered analyses for investigating the
effects of different instructional foci on the learning gains of specific learners. This will allow
educators to better differentiate for which learners a specific intervention or instructional
approach is most promising. The results of this study also indicate the need for more

individualized reading instruction and give some indications as to what this might look like.
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A Person-Centered Approach to Modeling the Interactions Between Learner
Characteristics and Instruction: Evidence for Differential Effectiveness of Reading

Education

When teachers engage in differentiated instruction, they often begin by intuitively
grouping students based on multiple characteristics that they consider relevant prerequisites for
learning. For example, they might view some students as smart but lazy and others as motivated
learners with weak self-regulation. Based on their experience and intuitive diagnosis, they use
such categories as a heuristic for adapting their teaching to learners’ individual needs (Corno,
2008).

In contrast to this common educational practice in which educators consider multiple
characteristics for each student, most research investigating the differential effectiveness of
educational interventions focuses on only one characteristic at a time (e.g., intelligence or prior
knowledge; (Kalyuga, 2007, Ziegler et al., 2021). This limitation in the approaches used in
research might be caused by analytic difficulties arising when trying to model interactions
between multiple learner characteristics and treatments.

In the present study, we propose and use latent profile analysis (Hickendorff et al.,
2018) as an approach to investigating the differential effectiveness of instructional foci based
on multiple learner characteristics. We employ this approach to model the differential
effectiveness of instructional parameters for students with different aptitude profiles. We
situate this study within the area of reading instruction, because this field already has a well-
developed model for multivariate learning prerequisites and their relation to educational
success, as assessed by reading comprehension (Hoover & Gough, 1990; Hoover & Tunmer,

2018).
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In this introduction, we begin with a brief review of previous research on individualized
instruction and then address the need for and difficulties involved in modeling multivariate
learner characteristics. We then introduce latent profile analysis as a person-centered approach
to modeling multivariate learning prerequisites. Turning to the domain of reading instruction,
we discuss the simple view of reading (Hoover & Gough, 1990), the model we use to label and
interpret profiles of multivariate reading abilities. We finish this section by introducing the
specifics of our study, which focused on third-grade reading instruction.

Individualized Instruction

Individualized instruction, the adaptation of instruction to the needs of specific learners
or groups of learners, has long been regarded as an important aspect of teaching practice
(Corno, 2008; Dockterman, 2018; Tetzlaff et al., 2021). Demographic changes and recently
established educational policies, for example, regarding inclusive education, have increased
student heterogeneity in classrooms in various countries (Corno, 2008; Decristan et al., 2017;
Subban, 2006). Due to this increasing heterogeneity, individualized instruction has been a topic
of increasing interest in recent times.

The promises of individualization are associated with the impressive effects of one-on-
one in-person tutoring (Bloom, 1984; Vanlehn, 2011). Endeavors to individualize education
can thus be understood as ways to scale up the effects of one-on-one tutoring to larger groups
of learners, without having to provide a human tutor for each learner. This is difficult,
especially in regular classrooms where instruction is supposed to address large groups of
learners at the same time.

This problem has been addressed by several different approaches, including adaptive
teaching (Corno, 2008), differentiated instruction (Constas & Sternberg, 2013), and formative

assessment (Deno, 1990). These approaches all have one thing in common: The systematic
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adaptation of instructional parameters based on the relevant characteristics of specific learners
(Tetzlaff et al., 2021). By considering individual learner characteristics such as prior
knowledge, cognitive capabilities, and affective/motivational traits and states, teaching agents
adapt instructional parameters to achieve optimal fit and maximize potential learning gains
across a group of students with heterogeneous preconditions (Grimm et al., 2021).

In order for these instructional adaptations to meet the aim of individualized instruction,
instructional parameters need to show differential effectiveness for different learners.
Differential effectiveness has been defined by Hunt (1975) as follows: “To consider the
differential effectiveness of an educational approach (...) is not simply to point out a few
persons to whom the principle does not apply (...). Rather than ask whether one educational
approach is generally better than another, one asks, ‘Given this kind of person, which of these
approaches is more effective for a given objective?’” (Hunt, 1975).

When considering differences in effectiveness for different kinds of individuals
depending on the learning objective, the concept of differential effectiveness can be seen as a
variation of the aptitude-treatment-interaction (ATI) paradigm (Cronbach, 1957). Without
these interactions of learner characteristics (aptitudes) and instructional parameters
(treatments), some learners would learn better than others and some instructional approaches
would be more effective than others, but adapting the instructional approach to specific learners
would have no effect.

The Challenge of Modeling Multivariate Learner Characteristics

The most frequent approach in research on differential effectiveness (or ATIs) is to look
at the interaction of one specific learner characteristic with different treatments (e.g., Bracht,
1970; Kalyuga, 2007; Seufert et al., 2009). For example, a well-known effect identified with
this approach is expertise reversal: Learners with lower prior knowledge tend to benefit from

stronger instructional guidance, whereas for learners with higher prior knowledge, the same
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amount of guidance can be unnecessary or distracting (Jiang et al., 2018; Kalyuga, 2007).
Similarly, it has been found that learners with lower general reasoning ability can benefit from
stronger teacher-guidance, while learners with higher general reasoning ability can benefit
from stronger self-guidance (Ziegler et al., 2020). Similar interactions have been found
between working memory and the effects of conceptual versus fluency activities during
instruction (Fuchs et al., 2014).

These studies all have one thing in common: They identify a single learner
characteristic that might be of high importance for successful learning in a particular scenario.
They then examine interactions of this learner characteristic with different educational
interventions. However, most learners don’t just differ in one relevant attribute. Rather,
different learner characteristics can interact with one another, leading to different learning
outcomes than would be the case for each characteristic on its own (Hooper et al., 2016;
Lonigan et al., 2018; Reinhold et al., 2020). This phenomenon has been described under the
name of aptitude complexes (Snow et al., 1987) or trait complexes (Ackerman, 2003). In order
to correctly model interactions with treatment parameters, these multivariate learner
characteristics should be taken into account.

Such multivariate interactions of learner characteristics might occur in various contexts
(for some theoretical examples, see Cronbach, 1975) and may have the potential to provide
informative insights for individualized instruction, however, it is difficult to find informative
and reliable ways to statistically model such effects. This is due to the potential for a large
number of different higher-order interactions when such interactions occur between multiple
variables. In regular statistical models such as multiple regressions, this can easily lead to third-
, fourth-, or even higher-order interactions in a regression model (Bauer & Shanahan, 2007)

.One problem with such models is that they quickly become almost impossible to interpret
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because, in an almost endlessly complex manner, the interpretation of any effect will always
be qualified by another higher-order effect (Cronbach, 1975). Eventually, a large number of
effects emerge, which all depend on each other, leaving researchers with a messy picture about
what is going on (Bauer & Shanahan, 2007).

Reviewing early research on ATIs, Cronbach (1975) already identified potential higher
order interactions as a problem, likening them to a hall of mirrors, which refers to the opaque
picture created when entering a hall with mirrors that face each other. This hall of mirrors
suffers not only from interpretational complexity but also other issues, such as finding models
with sufficient statistical power to find effects in such complex data situations (Cronbach,
1975), and the nature of interactions that might not always be linear (Bauer & Shanahan, 2007),
necessitating an even more complex model. Overall, whereas multivariate learning
prerequisites are a topic of great interest for educational researchers, these methodological
challenges make it difficult to adequately examine such prerequisites and their interactions with
educational interventions. To the best of our knowledge, even recent best-practice
recommendations for the examination of aptitude-treatment interactions do not tackle the issue
of how to best model multivariate aptitudes and overcome these obstacles (Preacher & Sterba,
2019).

Person-Centered Approaches to Multivariate Learning Prerequisites

In the present study, we propose a solution to the methodological issues in the hall of
mirrors: a person-centered approach to the investigation of differential effectiveness involving
multivariate learning prerequisites. Person-centered analysis provides a possible avenue of
investigation into these processes by moving the focus of analysis from the interactions of
single variables to entire persons and their characteristic constellation of learning prerequisites.
The specific approach that we propose and use in the present study is that of latent profile

analysis (Hickendorff et al., 2017). In a latent profile analysis, learners are grouped according
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to their constellations of mean patterns across multiple variables. Thus, the different profiles
represent groups of learners who systematically differ in their multivariate learner
characteristics. By grouping learners into profiles using this method and then comparing the
effects of educational interventions between those groups, their differential effectiveness
across different patterns of multivariate learning prerequisites can be examined. Overall, this
approach has the advantage of being able to group many learners into just a few distinct
categories. This feature helps to achieve high statistical power while capturing multivariate and
potentially nonlinear information across multiple learning prerequisites in a much more concise
manner than a regression analysis with higher-order interactions (Bauer & Shanahan, 2007).

Indeed, recent research has started applying latent profile analysis and similar methods
to model aptitudes: Hooper et al. (2016) identified profiles of learners who differed in their
language, problem solving, attention, and self-monitoring characteristics. Learners with
different profiles showed differential development in writing skills during an intervention.
With a similar approach, Lonigan et al. (2018) found that language-minority children’s profiles
of proficiency in their first and second language predicted their development of early literacy
skills in preschool. Reinhold et al. (2020) identified subgroups of sixth graders with different
engagement profiles that were systematically related to their development in mathematics
achievement. Finally, Grimm et al. (2021) applied latent profile analysis on outcome variables
instead of aptitude variables to model the differential effects of experimental conditions on
third graders’ development of multiple reasoning skills.

These fruitful applications of latent profile analysis indicate that the community of
researchers interested in multivariate learning prerequisites has started acknowledging the
potential of such person-centered approaches. However, one characteristic that these studies

have in common is that, while they did investigate how learner profiles relate to learning
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outcomes, they did not investigate the actual differential effectiveness of educational
interventions. In addition to directly influencing the learning outcome, multivariate learner
characteristics can affect the effects of specific instructional parameters. Only when we
understand this interaction, can we speak of differential effectiveness and use the data as a
foundation for providing different treatments to different learners (Hunt, 1975). We are not
aware of prior research taking this person-centered approach to investigating differential
effectiveness as we define it here. There are, however, studies finding differential effectiveness
of treatments for subgroups of learners that have been grouped with other approaches. An
example of this is a study by Hofer et al., (2018) in which intelligence and gender interacted in
their effect on the efficacy of cognitively activating instruction in physics. Female students
with intelligence estimates in the highest sample-based quartile benefitted the most from an
intervention implementing various means of cognitive activation in comparison to a business-
as-usual approach. In this study, we use latent profile analysis to examine the differential
effectiveness of different reading interventions for different groups of learners who
systematically differ in their prerequisite skills for reading according to the well-known model
of the simple view of reading.
The Simple View of Reading

Reading comprehension is a complex skill that is constituted by an interplay of several
different components (Kendeou et al., 2016). One of the most prominent theories to explain
how these components relate and how they interact to form the construct of reading
comprehension is the simple view of reading (SVR, Hoover & Gough, 1990). According to
that theory, reading comprehension can be modeled as the product of linguistic comprehension
(LC) and decoding (D) abilities. Decoding (D) is defined as efficient word recognition: the
ability to quickly access the appropriate entry in the mental lexicon after seeing a written word

(Hoover & Gough, 1990). It covers both the fluency as well as the accuracy of the decoding
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process and is usually measured with pseudoword reading tasks. Linguistic comprehension
(LC) is defined as the ability to take lexical information (i.e., semantic information at the word
level) and derive sentence and discourse interpretations (Hoover & Gough, 1990). It is often
conceptualized as listening comprehension and assessed through the retelling of a text that has
been read aloud by another person (Hoover & Tunmer, 2018), but it has also been assessed
through vocabulary knowledge (e.g., Singer & Crouse, 1981; Tunmer & Chapman, 2012) or
syntax comprehension (Tilstra et al.,2009).

The multiplicative nature of the model implies a difficulty in compensating for deficits
in one of the two abilities with improved performance in the other. Evidence of this relation
has been found in multiple alphabetic languages (see Hjetland et al., 2020 for a comprehensive
review). This two-dimensional conceptualization means that readers fall into one of four
quadrants of reading comprehension: Good readers have good word reading/decoding skills,
complemented by good comprehension abilities, poor readers lack in both abilities, while poor
decoders as well as poor comprehenders show good performance in one of the two
components, combined with poor performance in the other.

We rely on the SVR here not because we believe it accurately describes all aspects of
reading performance (see Castles et al., 2017 for a discussion of its accuracy), but because it
serves as a good basis for considering both theoretically grounded multivariate aptitude
profiles, as well as their interaction with instruction. For the present study, it is important to
note that the SVR implies specific predictions regarding optimal reading instruction for
learners with different preconditions. A straightforward deduction would be that poor
comprehenders benefit from instruction that specifically targets comprehension while poor
decoders would benefit from instruction that specifically targets decoding. This is supported

by a meta-analysis by Galuschka et al., (2014) showing that, in general, interventions that target
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children's specific deficits are more effective in alleviating their reading difficulties than more
general approaches. On the other hand, there are also theories of dyslexia (and supportive
evidence) that postulate a deficit in phonological working memory as the root cause, in which
case decoding-focused instruction might fail to help those children (e.g. Alt et al., 2021;
Menghini et al., 2011; Smith-Spark & Fisk, 2007). In the present study, we examine how the
instructional emphasis that teachers put on different aspects of reading instruction meets the
actual needs of students with these different constellations of learner characteristics and thereby
helps them improve their reading comprehension.
Instructional Foci in Third-Grade Reading Lessons

In the present study, we examine the differential effectiveness of reading instruction
foci in third-grade classes within the context of German elementary schooling. The curriculum
for third-grade students in the federal German state of Hesse (the location of our study)
generally puts a strong emphasis on strengthening students’ reading motivation, teaching
advanced reading abilities such as passage comprehension and summarizing texts, and
fostering vocabulary acquisition—for example, by finding synonyms of words or using
previously unknown words in exemplary sentences (Hessian Ministry of Education, 2021).
Which of these aspects is emphasized at which point in time, and how much time is invested
in each of these aspects, will naturally vary from teacher to teacher. We hypothesize that the
instructional foci teachers choose will differentially affect students based on their individual
learning prerequisites. While these instructional foci are not identical to specific training of
these reading-related abilities, we still assume that it is useful to refer to findings from related
training studies to inform our hypotheses about their differential effectiveness.

Fostering reading motivation can take many forms, for example, encouraging learners
to seek out and read literature based on their own interests. Reading motivation is positively

related to reading comprehension (Kusdemir & Bulut, 2018), and longitudinal studies indicate
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a reciprocal relation between reading comprehension and reading motivation in second and
third grades (e.g. Schiefele et al., 2016). This strongly implies that, at least for a specific subset
of students—those who possess the necessary skills to read texts without instructional
support—fostering reading motivation could lead to increased reading comprehension over
time. An assumed mediating mechanism of this relationship is the increased frequency of
reading in out-of-school contexts in highly motivated readers (Guthrie et al., 1999). In this case,
it is likely that positive effects of interventions focusing on reading motivation appear with a
considerable delay.

Advanced reading abilities comprise several different techniques dealing with passage
comprehension, such as highlighting important aspects, writing short summary sentences for
specific passages, and rephrasing content in one’s own words. As advanced reading abilities
can be addressed by a broad spectrum of instructional approaches, it is difficult to derive
specific predictions from the training literature. It is reasonable to assume that a focus on
comprehension skills mainly benefits those children who specifically struggle with
comprehension, as opposed to those struggling with decoding, or with both.

While vocabulary training has repeatedly been shown to increase vocabulary size/word
knowledge (e.g., Segers & Verhoeven, 2003), a transfer to reading comprehension abilities
seems to be limited (Mezynski, 1983). This is especially interesting given the strong correlation
between vocabulary size and reading comprehension (Carroll, 1993; Freebody & Anderson,
1983). These results are not completely unambiguous though. A meta-analysis of these transfer
effects by (Elleman et al., 2009) found significant variability between studies, mostly
dependent on the type of vocabulary measure used, but also in relation to students’ learning
prerequisites. This variability might point to the efficacy of vocabulary training for learners

with specific learning prerequisites, but not for others. Therefore, investigating the differential
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effectiveness of that transfer is of particular interest: Are there children that make progress in
reading comprehension as a result of vocabulary training, and how are their learning
prerequisites constituted?
The Present Study

In the present study, we employed the person-centered approach of latent profile
analysis to examine the differential effectiveness of different instructional foci for third
graders’ development of reading comprehension. Specifically, we posed the following two
questions:
1) Which latent profiles of reading abilities exist within a group of third-grade learners? We
employed latent profile analysis to examine whether meaningful differences in profiles
regarding decoding and comprehension abilities exist among third graders.
2) Do different instructional foci show differential effectiveness across readers with different
profiles over the course of one school year? To examine this question, we assessed teachers’
foci throughout the course of one school year. By instructional foci, we refer to the emphasis
that they put on different aspects of reading instruction (i.e., vocabulary, advanced reading
abilities, and reading motivation). Based on the rationales outlined above, we hypothesized that
a focus on reading motivation will benefit good readers—those who already show good
decoding and word reading skills—while we left the research question of which learners benefit
from vocabulary training or advanced reading training open.

Method

The current study was carried out as part of a larger research project running from
2018-2020 and was approved by the Ethics Committee of DIPF. Data were collected in two
cohorts, one in the school year 2018/2019 in the state of Hesse in Germany, the other in the
school year 2019/2020 in the states of Hesse and Lower Saxony. Each cohort completed a

pretest at the beginning of the school year and a posttest before the summer break. All tests
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were administered by research assistants, apart from the posttests in the school year 2019/2020
that had to be administered by the respective teachers due to pandemic-related school
lockdowns. Since the tests were easy to administer, we do not expect that this caused a
significant reduction in data quality. The teachers and their students participated in the study
on a voluntary basis and did not receive any compensation. As the recruitment was done in
cooperation with the ministry of education of Hesse, we did not put an upper limit on the sample
size. A simulation study by Nylund et al. (2007) indicates that a sample size of at least 500 is
recommended to identify the correct number of profiles in a latent profile analysis.
Transparency and Openness

We report how we determined our sample size, all data exclusions, all manipulations,
and all measures in the study, and we follow JARS (Kazak, 2018). All data, analysis code, and
research materials are available at
[https://osf.i0/a97gv/?view only=7313249ac61f4b618415d3116e1b164f]. Data were analyzed
using R, version 4.0.2 (R Core Team, 2020) and the package MplusAutomation, version 0.78-
3 (Hallquist & Wiley, 2018) as well as Mplus 8 (Muthén & Muthén, 2017). As it is an
exploratory study, its design and its analysis were not pre-registered.
Sample

We relied on two different samples for the analysis: The whole sample of the present
study was used for the analysis related to research question one, while a subsample was used
for the analysis for research question two. For the whole sample, the teacher group consisted
of 59 teachers in Hesse and 16 teachers in Lower Saxony. Teachers were, on average, 41 (SD
=9.19) years old. Two of them were male, the remaining 73 were female. They reported an
average of 13.26 (SD = 7.58, range = 4-39) years of general teaching experience and 5.68 (SD

=5.56, range = 0-27) years of experience teaching third-grade classes. The teachers nominated



107

some of their students (N = 517 in total) to participate in individual testing sessions. Teachers
were allowed to select up to eight children. They were asked to prioritize children with reading
difficulties and then add children to be representative of the class, based on their own criteria.
These students were on average 8.32 (SD = 0.56) years old. We used the data of these
nominated students from all classes for the first set of analyses, with the aim of identifying
latent profiles of readers.

For the analysis related to the second research question, which dealt with differential
effects of instructional foci, we used a subsample of 52 teachers in Hesse who completed
additional online questionnaires on their instructional foci. Teachers in that sample were on
average 38 (SD = 8.19) years old, with 11.91 (SD = 6.41) years of teaching experience, 4.60
(SD = 4.34) of which in third-grade classes. The respective student sample comprised 217
students and was on average 8.34 (SD = 0.56) years old.

Assessment Materials
Teachers’ Instructional Foci

Throughout the school year, teachers were presented an online questionnaire every
three weeks in which they were asked about their teaching practices during that time. They
were asked to fill out this questionnaire eight times during the school year, and the average
participation rate was 4.10 times (range 1 to 8). Teachers’ self-reported practices in reading
instruction showed a moderate to high stability (/CC(1) = 0.21-0.51) across assessments,
indicating that a) they did not vary their instructional focus much and b) the aggregated measure
can be seen as a reliable estimate of the instructional landscape over the whole school year.
Fleiss (1986) proposes that an /CC(1) > .15 serves as a reasonable benchmark for these kinds
of assessments. To examine the instructional foci of interest in this study, we asked them how

29 ¢

much emphasis they put on “vocabulary training,” “advanced reading abilities (sentence and

passage comprehension),” and “reading motivation.” The other measures in the questionnaire
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pertained to the organization of instruction (e.g., peer-teaching, individualized attention) or
were not reflective of regular third grade reading instruction (e.g., a focus on precursor
abilities). All of these were answered on a 4-point Likert scale with the anchors never and often.
For the current analyses, we used average values across time for each of the three selected
instructional foci. By regularly asking teachers which of these aspects they emphasized in their
classes and aggregating these measures over the whole school year, we can create a picture of
the instructional landscape in that specific classroom.
Reading Comprehension

As our measure of general reading comprehension, we used the pen and paper version
of the ELFE II — Leseverstindnistest filir Erst- bis Siebtkldssler (Lenhard & Schneider, 2006).
The ELFE II measures reading comprehension at the word, sentence, and text level. For the
word comprehension task, children are presented a picture and a group of four written words
and asked to select the word that matches the picture. For the sentence task, children are
presented with an incomplete sentence and asked to select one of five written words to complete
it. For the text task, children are asked to read short passages and then select the statement that
best corresponds to the passage out of a choice of four. The items in the test showed a high
internal consistency (alpha = 0.96, omega = 0.97). The ELFE was administered as a pen and
paper version to the whole class at the same time. For the first cohort, as well as the pretest of
the second cohort, the tests were conducted by our trained research assistants; the posttest of
the second cohort was conducted by the teachers themselves instead. For statistical analysis,
we used the mean score of each student across the different sub-skills measured by the ELFE
as a general indicator of reading comprehension.

Decoding Ability



109

As our measure of decoding ability, we used the pseudoword part of the Salzburg
Reading and Writing Test SLRT II — Salzburger Lese und Rechtschreib Test (Moll & Landerl,
2010). In this test, children are asked to read a written list of pseudowords aloud while the
experimenter keeps track of the amount of correctly read words. We did not estimate the
internal consistency of this measure in our sample as this would have required recording the
full sessions with the participants, which we did not do. The test, however, generally shows
very high reliability estimates, and it is a test commonly used for diagnostics of individual
children that require high precision. The manual reports the reliability (measured via parallel
tests) as between .90 and .98 (Moll & Landerl, 2010). For statistical analysis, we used the
amount of correctly read pseudowords within one minute.

Grammatical Comprehension

As our measure of grammatical comprehension, we used the screening in the TSVK —
Test zum Satzverstehen von Kindern (Siegmiiller et al., 2011). In this test, children are asked
to select the one picture, out of a set of three, that corresponds most to a sentence that was read
aloud to them. The items in the test showed a satisfactory internal consistency (alpha = 0.66,
omega = 0.69). For statistical analysis, we used the amount of correctly selected pictures as a
measure of learners’ grammatical comprehension, which we used as an indicator variable for
their linguistic comprehension.

Expressive Vocabulary

As our measure of expressive vocabulary, we used the WWT — Wortschatz- und
Wortfindungstest (Gliick, 2011). In this test, children are asked to produce 40 nouns, verbs, or
adjectives represented by pictures on a computer screen. The test also provides a list of
synonyms that would be counted as correct.

The items in the test showed a high internal consistency (alpha = 0.88, omega = 0.91).
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For statistical analysis, we used the sum of correctly produced words as a measure of learners’
expressive vocabulary, which we used as the second indicator of linguistic comprehension. The
tests for vocabulary, syntax comprehension, and decoding were administered by trained

research assistants in individual sessions.

Analytic Approach

In order to estimate student profiles of reading skills and reading comprehension, we
conducted latent profile analyses (Ferguson et al., 2020; Harring & Hodis, 2016; Hickendorff
et al., 2018) using the software package Mplus 8.3 (Muthén & Muthén, 2021). Before
undertaking these analyses, we z-standardized the indicator variables for improved
interpretability.

The indicator variables used as the basis of the student profiles were learners’ scores on
decoding (SLRT), linguistic comprehension (two scores: one each from the TSVK & the
WWT), and reading comprehension (ELFE at T1). Based on these four indicator variables, in
a stepwise manner we increased the number of profiles from one to seven, after which it was
evident that fit indices were getting worse and model convergence was not possible anymore.
As is common practice in latent profile analysis, the model with the actual number of profiles
interpreted and used for further analyses was then selected based on fit indices and theoretical
considerations (Ferguson et al., 2020; Harring & Hodis, 2016; Hickendorff et al., 2018). To
this end, we relied in particular on the fit indices BIC, aBIC, and the VLMR-likelihood ratio
test (Edelsbrunner & Flaig, 2021; Ferguson et al., 2020; Hickendorff et al., 2018; Lo et al.,
2001). For the BIC and aBIC, lower estimates indicate a better relative model fit (for

explanations of these fit indices, see Edelsbrunner & Flaig, 2021), and for the VLMR, the
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model with the highest number of profiles reaching significance should be selected (Ferguson
et al., 2020; Harring & Hodis, 2016; Hickendorff et al., 2018).

Regarding technical specifications, each model was estimated with 400 initial random
starts, of which the most promising 100 were used for further estimation. The estimation
method was maximum likelihood with expectation-maximization optimization and Huber-
White standard errors that are robust against multivariate kurtosis and heteroscedasticity
(Freedman, 2006). We took the multilevel-structure of the data into account through a cluster-
robust estimation of the standard errors in all modeling steps (Muthen & Muthen, 2017). We
did not, however, employ full multilevel modeling because the relatively stable reading-related
abilities at the beginning of a school year should not be strongly influenced by the class of the
students (Hoover & Tunmer, 2018). For convergence criteria during estimation, we used the
Mplus defaults, and we accepted a model as converged when the best likelihood was achieved
multiple times. Apart from the means, we also estimated the variances freely within each
profile (Edelsbrunner & Flaig, 2021; Ferguson et al., 2020; Hickendorff et al., 2018).

To examine the second research question, concerning the differential effectiveness of
instructional foci, we related profile membership to the reading comprehension of the students
in the subsample at the end of the school year and to teachers’ foci in reading instruction. To
this end, we decided on the BCH-method (for details on this method and its implementation,
see Asparouhov & Muthen, 2014). This approach has an advantage in that it allows for a
modeling of differential effectiveness for students in different profiles while correcting for
measurement error, in a way similar to a structural equation model (Vermunt, 2010). We
regressed the participants’ reading comprehension at posttest on the instructional foci of their
teachers. In a last addition, to check for the interaction between students’ reading profiles and
teachers’ instructional foci, we defined derived parameters. These parameters indicated

differences between the different reading profiles in the regression weights of reading
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comprehension on teachers’ instructional foci. These parameters allowed us to check for
differences between profiles, as well as to identify the main effects of each instructional focus
across all profiles.

For statistical inference, we present and interpret 90% confidence intervals for all focal
model parameters. The present analyses have a rather exploratory than confirmatory approach,
which undermines the reliability of significance testing. Instead, we focus on confidence
intervals and interpret them as follows. If a confidence interval excludes 0, we interpret this as
evidence pointing towards a hypothesis that should be further investigated in future research.
If a confidence interval includes 0, we cautiously interpret this as lack of evidence for an effect
of interest. The results with 95% confidence intervals are provided in the analysis output. All
data, syntaxes and output files are available under
https://osf.i0/a97gv/?view only=7313249ac61f4b618415d3116e1b164f.

Results
Descriptive Statistics

Students in our sample achieved slightly below-average scores across all reading
abilities at pretest, when compared with a norm sample (#-values ranging from 39.97 for
vocabulary to 46.61 for reading comprehension). This is probably due to the teacher-selected
student sample: Teachers were asked to prioritize children with reading difficulties and then
add children to be representative for the class. This leads to a slight over-sampling of struggling
readers. The negative correlations between indicators of decoding and linguistic
comprehension (see Table 1) have also been reported for samples low on reading
comprehension (Hoover & Gough, 1990).

The means of the aggregated teacher self-reports on their instructional foci were

consistently in the upper half of the 4-point Likert scale (3.0 for vocabulary training and 3.23
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for advanced reading abilities and reading motivation) indicating a general tendency to report
the presence, rather than the absence, of specific instructional foci. This is consistent with
findings concerning biases resulting from social or educational desirability of certain types of

instruction (Kopcha & Sullivan, 2007).

Table 1

Intercorrelations of the Indicator Variables

Syntax Reading Decoding
Comprehension Comprehension (T1)
Vocabulary .61 A1 -23
Syntax - 17 -.10
Reading - .62

Student Profiles of Learning Prerequisites

To investigate the first research question, the first step was to decide how many separate
profiles were present in the data. Figure 2 depicts the different fit indices for the models with
different numbers of profiles. As shown in Figure 2, the BIC had its lowest value with six
profiles and the aBIC with seven profiles. The VLMR-test, however, indicated significant
improvement in model fit only with up to four profiles (p = .02) but not, for example, with five
profiles (p = .07). In addition, the BIC and aBIC showed a visible decrease in strength of
improvement from the four- to the five-profile models. Given these indications and the

straightforward interpretability of the four-profile solution (see below), we decided to proceed
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with the four-profile model. Results with the five-profile model can be found in the

supplementary materials.

Figure 1

Fit indices for different numbers of profiles
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The four identified profiles can be labeled in accordance with the SVR (see Figure 2).
The poor readers (N = 78) are mainly characterized by their low performance in the reading
comprehension task, but they also score well below the mean on all the other indicator
variables. The good readers (N = 88) have extraordinarily high performance in reading
comprehension, complemented by scores well above the mean on all the other indicator
variables. The poor comprehenders (N = 195) have slightly above average reading
comprehension skills, strong decoding skills, weak syntax comprehension, and below average
expressive vocabulary. The poor decoders (N = 156) have slightly below average reading
comprehension skills as well as decoding skills, balanced by strong performance in the
linguistic comprehension indicators.

In sum, by employing latent profile analysis, we were able to identify informative
profiles across multiple relevant learner characteristics. The strong correspondence of these
profiles with the SVR speaks to their validity and provides some indications concerning
potential interaction with instruction, which we investigated next.

Figure 2

Profiles of Readers According to the Simple View of Reading
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Differential Effectiveness of Instructional Foci for Students in Different Profiles

For the second research question, concerning the differential effectiveness of
instructional foci for students in the different profiles, we used data from the subsample of third
graders whose teachers (N = 52) had participated in the surveys assessing their instructional
foci. Of the N =217 students eligible for this analysis, 89 (41.01%) belonged with the highest
probability to the poor comprehenders profile, 66 (30.42%) to the poor decoders, 46 (21.20%)
to the good readers, and 16 (7.37%) to the poor readers. Please note that, since only a few
students belonged to the poor readers profile, we were not able to investigate differential
effectiveness for those students due to too little statistical information.

We first extracted the information on students’ profiles from the latent profile analysis
conducted for the first research question. We then used the bias correcting BCH-method
(Asparouhov & Muthén, 2014) to set up regression models predicting reading comprehension
at the end of the school year within each profile from teachers’ instructional foci. When looking
at the profile-specific regression weights (Figure 3), we can see that—consistent with the
predictions made by the SVR—poor decoders do not improve when vocabulary is the focus.
Poor comprehenders also do not improve with a focus on vocabulary, but they benefit from a
focus on advanced reading skills. Good readers benefit from a focus on vocabulary and suffer
when the focus is on advanced reading skills. Since the group of the poor readers which also
had self-report data from their teachers only consisted of approximately 16 students, we are
unable to make any reliable statement about them.

Figure 3
Parameter Plot of Regression Weights Describing Effects of Instructional Foci on Reading

Comprehension for Students in Different Profiles
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Direct evidence for differential effectiveness is present if the different instructional foci
show differential effects for learners in the different profiles. To examine this statistically, we
set up contrasts that represented group differences in the effects of the instructional foci for
learners in the different profiles. The first information that we examined before inspecting
differential effectiveness were the simple main effects of teachers’ foci on students’ reading
comprehension at the end of the school year. These effects, estimated in a simple multiple
regression, were all close to 0 (Table 2).

While none of the instructional foci showed any main effect for all participants, the
specific contrasts for the different instructional foci (see Table 2) show a strong differential
effectiveness of vocabulary training between good readers and poor decoders, as well as
between good readers and poor comprehenders. They also indicate a strong differential

effectiveness of training advanced reading abilities between good readers and poor
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comprehenders, as well as between poor decoders and poor comprehenders. For the fostering
of reading motivation, no meaningful differential effectiveness could be found.

Table 2

Main Effects and Specific Contrasts on Vocabulary and Advanced Reading Abilities, Including

90% Confidence Intervals

Contrast Beta SE Lower 5% Upper 5%
Vocabulary
Main Effect -0.034 0.095 -0.190 0.122
PD vs. PC 0.012 0.166 -0.261 0.284
GR vs. PC 0.54 0.164 0.272 0.810
GR vs. PD 0.552 0.167 0.278 0.827
Advanced
Main Effect 0.018 0.116 -0.200 0.191
PD vs. PC 0.361 0.134 0.140 0.581
GR vs. PC -0.567 0.150 -0.813 -0.320
GR vs. PD 0.206 0.163 -0.063 0.457
Motivation
Main Effect -0.005 0.119 -0.172 0.209
PD vs. PC 0.168 0.170 -0.112 0.448
GR vs. PC -0.079 0.166 -0.353 0.194

GR vs. PD -0.089 0.971 -0.346 0.168
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Note. PD = Poor Decoders; PC = Poor Comprehenders; GR = Good Readers; Poor

Readers were excluded due to their limited sample size.

Discussion

In the present study, we tackled the ongoing issue of finding an appropriate approach
to modeling multivariate learning prerequisites and their interactions with instructional
parameters. We found that a person-centered approach, specifically a latent profile analysis,
identified profiles of reading skills that were in accordance with the simple view of reading and
that different instructional foci proved differentially effective for readers with different
profiles. This differential effectiveness emerged despite a lack of main (average) effects of the
different instructional foci across all students, indicating that none of the foci is, by itself,
preferable to the others. Only when learner characteristics are taken into account can an
informed selection be made. To the best of our knowledge, this is one of the first studies
successfully demonstrating interactions between multivariate learning prerequisites and
instructional interventions (but see Hofer et al., 2018). This discussion will focus first on the
general implications for educational research and then on implications for reading instruction.
The Benefits of Person-Centered Analysis

How to model multivariate learner characteristics and their interaction with instruction
has remained a more or less unresolved problem in educational psychology (Cronbach, 1975).
In this study, we make a strong case for utilizing person-centered analysis to group learners in
accordance with their pattern of means across multiple relevant characteristics as well as to
investigate the differential effectiveness of specific instructional parameters for these groups.
Instead of asking for which levels of a certain characteristic a specific treatment is most
effective, researchers should ask for which /earners—with their specific constellation of

learning prerequisites—a treatment is most effective. Person-centered analysis such as latent
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profile or class analysis allows researchers to pose and answer this question. This approach has
the added benefit of also identifying nonlinear relations between aptitudes and treatment
effectiveness that would be lost, or at least be difficult to track and interpret, in traditional
variable-centered analyses (Bauer & Shanahan, 2007). Utilizing the 3-step BCH method
(Asparouhov & Muthén, 2014) further allows for integration of the class-specific regression
terms without either biasing the profile estimation or embezzling measurement error. In sum,
person-centered analysis circumvents several problems associated with modeling multivariate
learner characteristics and their interaction with instruction and thus can be seen as a promising
approach for future studies in these domains. With its multivariate nature, our approach goes
beyond the state-of-the-art methods for the analysis of differential effectiveness/aptitude-
treatment interactions, which, to the best of our knowledge, still focus on univariate aptitudes

(Preacher & Sterba, 2019).

Implications for Reading Instruction

Besides the main aim of demonstrating how fruitful the application of person-centered
analysis can be for investigating differential effectiveness, our results also provide some
support for the simple view of reading (Hoover & Gough, 1990). The four identified profiles
suggest that the SVR is valid for describing reading performance on a level that is useful for
classroom instruction. This is not a completely new finding: Torppa et al. (2007) used latent
profile analysis to identify five subgroups of reading performance that correspond to the four
profiles predicted by the SVR, with an additional profile of average readers.
Wolff (2010) identified eight latent profiles across ten reading-related abilities. Of these eight
profiles, three proved to be especially stable—good readers, poor decoders (dyslexics), and

poor comprehenders. Foorman et al. (2017), on the other hand, conducted several latent profile
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analyses to identify reading profiles in different age groups and found that, while profiles in
elementary grades show heterogenous deficits, profiles in higher age groups mostly showed a
high, medium, low pattern of parallel profiles. This implies that the identified patterns are
subject to various developmental trajectories and thereby not necessarily stable over longer
timeframes.

In addition to the specific profiles identified, we observed that the deviation from the
mean for the good and poor readers is especially pronounced for reading comprehension. This
is in line with the presumed multiplicative relation between decoding and linguistic
comprehension in the simple view of reading (Hoover & Gough, 1990). Thus, when the two
skills of decoding and linguistic comprehension are both not yet developed enough or both
well-developed, they have an even stronger effect on the resulting reading comprehension level
than when only one of the two prerequisite skills is high or low.

While this was an exploratory study, the class-specific regression weights of specific
instructional foci still provide some implications for reading instruction:

1) The negative effect of vocabulary training on the reading comprehension of poor
comprehenders indicates that their below-average expressive vocabulary can be seen as a result
or symptom of their comprehension deficit (mediated by frequency of reading), rather than a
cause (Duff et al., 2015; Suk, 2017). This again highlights the strength of the multivariate
approach. Simply looking at the specific deficits of children classified as poor comprehenders
would make vocabulary and syntax training the straightforward choice (Galuschka et al., 2014).
By instead teaching comprehension skills to complement their already strong decoding
abilities, teachers can enable those children to improve their vocabulary on their own, while
also increasing their reading comprehension level (Verhoeven et al., 2011; Share, 1999).

2) In contrast, for children who already have strong decoding and comprehension

abilities, the most valuable focus seems to be on vocabulary extension, even though they



122

already possess a good expressive vocabulary. This is plausible since it is possible that the best
way to improve a completely automated reading process is to add even more words to the
mental lexicon.

3) The observation that fostering reading motivation did not have any significant effect
on the development of reading comprehension, regardless of profile, can potentially be
explained by mediating mechanisms. If the positive effects of reading motivation on reading
comprehension are, for example, mediated by an increased frequency of reading outside the
school context, they may take longer to manifest than the time frame of this study was able to
capture (Guthrie et al., 1999; Retelsdorf et al., 2011).

It is important to note that, at a higher level, our results indicate a need for
individualized or differentiated reading instruction. A uniform instructional focus for an entire
class of students is certain to be a wasted opportunity for some students. The strong differential
effectiveness of specific instructional approaches depending on measurable multivariate
aptitude profiles implies a need for stronger individualization or at least differentiation of
instruction—this is in line with previous research on individualized reading instruction (Connor
et al., 2009; Connor et al., 2007). Basing instructional adaptations on multivariate aptitude
profiles, rather than specific univariate deficits, potentially enables even more effective
individualization that also builds on students’ individual strengths.

Limitations

One limitation of the present study is its primarily exploratory nature. This implies that
both the identified profiles and the observed interaction with instructional foci need to be
replicated before they can be used to inform specific instructional approaches. Regarding the
profile analysis, it should be mentioned that the selected indicator variables are not completely

exhaustive indicators of linguistic comprehension. However, both vocabulary knowledge
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(Tunmer & Chapman, 2012) and syntax comprehension (Tilstra et al., 2009) have been
identified as important aspects of linguistic comprehension.

The teacher self-reports might be biased by educationally desirable response
tendencies, leading to an overestimation of the amount of focus they put on specific
instructional practices. This is indicated by consistently positive correlations between the
different instructional foci. If teachers managed to report their instructional practices in a
reliable manner, it would result in lower intercorrelations between the amount of focus they
put on each of the individual instructional practices. For example, if teachers who teach more
advanced reading during a given period tend to teach less vocabulary because there is only
enough time for one of them, then this should result in a negligible or even negative correlation
between these two instructional foci. The fact that we found positive correlations between all
instructional foci indicates that on average, teachers might tend to engage in consistently
positively biased response behavior across all instructional foci. Prior research indicates that,
although teacher self-reports about teaching practices are related to actual classroom
observations (Mayer, 1999), such self-reports might still be biased by social desirability aspects
(Wubbels et al., 1992). However, for our focal interpretations, this might not pose a significant
issue because we applied a multiple regression-approach in our analysis of differential
effectiveness. This approach should correct for bias by controlling for the shared positive
covariance among the predictor variables that indicate the different instructional foci.

In addition to response biases, it is conceivable that the teachers differ in their
understanding of what is meant by terms like advanced reading abilities. However, in our
assessments we labeled the instructional foci with simple descriptions that were in accordance
with the teachers’ official instructional guidelines and curricula. Consequently, it should be
rather unlikely that the positive correlations of the instructional foci are largely caused by

linguistic ambiguities. To further explore and control for potential response biases, future
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studies with larger samples of teachers could specify a multilevel mixture in the model (see
Flunger et al., 2021; Vermunt, 2008). This would allow for better differentiation of general
effects of a specific focus versus teachers’ specific implementations.
Future Directions

Building upon our findings, an important next step would be to test the more general
applicability of our person-centered approach in areas beyond reading. This would show
whether profiles of multivariate aptitudes attained via person-centered analysis possess the
general potential to reveal more about the differential effectiveness of treatments beyond
variable-centered approaches. If our approach fails in other areas where differential
effectiveness might be expected, then the present findings would still be valuable but would
have to be seen as a peculiarity of reading instruction. As a related next step, it might be
informative to broaden the range of learner characteristics that make up the multivariate learner
model, including affective/motivational dispositions as well as personality traits (Ackerman,
2003). Examples of multivariate constructs that might lend themselves to building aptitudes
and modeling differential effectiveness in combination with the present approach include
different facets of working memory (Oberauer et al., 2003) and executive functions (Miyake
et al., 2000), self-regulation (Grunschel et al., 2013) and classroom engagement (Reinhold et
al., 2020), affective/motivational variables such as different kinds of goal orientations (Wolters,
2004) and need satisfaction (Ratelle & Duchesne, 2017), and epistemic beliefs (Schiefer et al.,
2022). As a general consideration, we recommend considering the conceptualization and
modeling of aptitudes that encompass different constructs. For example, learners’ prior
knowledge and motivational aspects might interact with each other in determining the
effectiveness of educational interventions, potentially in further interaction with specific

cognitive skills. In addition to broadening the scope of aptitudes in these regards, similar
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approaches could be taken for outcome variables. The recent study by Grimm et al. (2021)
demonstrates that, in the investigation of differential effectiveness, latent profile analysis also
lends itself well to the modeling of multivariate learning outcomes. In a similar manner to
modeling students’ aptitudes, latent profile analysis could be used to model patterns in
outcomes and encompass additional outcome variables besides learning gains, as well as
variables associated with different constructs.

Another promising extension of the current approach would be the repeated assessment
of indicator variables. This would allow for a more dynamic conceptualization of aptitude
profiles and their interaction with specific kinds of instruction. Reinhold et al. (2020)
demonstrated, for example, how process data can be used to build profiles of students with
different patterns of engagement. Such an approach would also enable an investigation of
whether teachers adapt their instruction over the school year to changing learner prerequisites.
This could be further extended by relaying information about the multivariate aptitude profiles
of their students to teachers (either in a dynamic way via formative assessment procedures or
even just single measurement point data) and observing if teachers actually adapt their
instruction based on that information and if these adaptations translate to improved learning
gains in their students. Over one school year, the assessed multivariate learner prerequisites
may change during and in interaction with the learning process. We only assessed them once
at the beginning of the school year, leading to a potential mismatch when learners make rapid
gains in one of these areas in the first few weeks or months of instruction. A more dynamic
measurement approach would allow for better differentiation of these effects, as well as a better
understanding of the temporal dynamics behind them (Tetzlaff et al., 2021).

Conclusions
In this study, we were able to show that profiles of multivariate aptitudes can be used

to explain the differential effectiveness of treatments above and beyond univariate



126

conceptualizations, at least in the domain of reading. The person-centered approach
circumvents the exorbitant power requirements and interpretational complexity involved in
analyzing higher-order interactions in variable-centered multiple regression models. The
differential effectiveness of instructional parameters that do not show a significant main effect
across all learners suggests that those parameters need to be selectively adapted to specific
learners. Taken together, these findings strengthen the claim that the simple view of reading
model can serve as a basis for informing reading instruction. Our analytic approach appears
promising for identifying differential effectiveness, potentially providing a way to overcome
the long-standing methodological bottleneck in this area across a variety of educational

domains.
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Estimate Standard Error Lower 5% Upper 5%
Poor Decoders
Vocabulary -0.222 0.106 -0.396 -0.047
Motivation -0.064 0.120 -0.262 0.134
Adv. Reading  -0.138 0.117 -0.330 0.055
Poor
Comprehenders
Vocabulary -0.210 0.108 -0.388 -0.033
Motivation 0.104 0.122 -0.096 0.304
Adv. Reading  0.223 0.102 0.055 0.390
Poor Readers
Vocabulary 0.672 1.152 -1.223 2.568
Motivation -0.449 0.988 -2.074 1.176
Adv. Reading  0.566 1.054 -1.168 2.300
Good Readers
Vocabulary 0.331 0.109 0.150 0.511
Motivation 0.025 0.132 -0.191 0.241
Adv. Reading  -0.344 0.117 -0.536 -0.151
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Abstract
In this article, we address the measurement of individualized instruction in the context of
regular classroom instruction. Our study assessed individualized instruction in German third
grade reading lessons by combining self-report data from 621 students and their teachers (N =
57) with live observations. We then investigated the reliability of these different approaches to
measuring individualization as well as the agreement between them. All three approaches
yielded reliable indicators of individualization, but not all of them corresponded with each
other. We found considerable agreement between students and observers, but neither agreed
with teachers’ self-reports. Upon closer examination, we found that students’ ratings only
correlated with teacher ratings that were provided close to the timepoint of interest. This
correlation increased when teacher measures were corrected for response tendencies. We
conclude with some recommendations for future studies that aim to measure individualization

in the classroom.

Keywords: Individualization, Personalization, Differentiation, Adaptive Teaching,
Individualized Education, Instructional Quality, Learning Environments, Live Observations,

Classroom Research
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1. Introduction

One of the most pressing issues in educational research and practice has been the
individualization of classroom instruction. For more than 200 years, educators, as well as
scientists and policymakers, have been calling for a shift away from one-size-fits-all whole
class instruction towards a more individualized and personalized approach (Dockterman,
2018). Especially in times of growing heterogeneity (Markic & Abels, 2014), individualized
instruction is seen as a prerequisite for each student to receive instruction situated within his or
her zone of proximal development (Vygotsky, 1930-1944/1978).

This need contrasts starkly with the dearth of empirical studies investigating
individualized instruction in a regular classroom context. While there are plenty of studies
dealing with the concept of individualized instruction, only a few of them focus on regular
classroom instruction (e.g. Forster et al., 2018; Hachfeld & Lazarides, 2020; Suprayogi et al.,
2017))—a recent systematic review (Bernacki et al., 2021) found that 80% of investigated
studies examined some form of technology-based learning. Even in formative assessment
studies—a prominent approach to classroom-based individualized instruction— the specific
instructional adaptations are usually left up to the practitioners, providing almost no
information on how teachers individualize and adapt their instruction to individual students’
needs (Forster & Souvignier, 2014; Jung et al., 2018; Kingston & Nash, 2011). Despite these
gaps in the current knowledge base, there is emerging evidence that the introduction of
interventions that facilitate individualization is generally associated with positive student
outcomes (Connor et al., 2009, 2018; Jung et al., 2018; Stecker et al., 2005; Waxman et al.,
1985).

In order to improve our understanding of individualization and its effects on learning
in the context of regular classroom instruction, the amount and type of individualized practices

need to be reliably measured. We believe that the discrepancy between the ubiquitous demand
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and the lack of concrete operationalizations stems at least in part from the difficulties associated
with assessing individualized education in a classroom context. This article aims to address
this issue by assessing indicators of individualized education from three different
perspectives—students, teachers, and observers—to investigate the reliability of each
instrument as well as the agreement among them.

1.1 What is Individualized Instruction?

Even though there is wide agreement in the literature that the one-size-fits-all whole
class instruction should move to a more individualized instructional approach, this idea is
reflected in various different terms and concepts. “Individualized instruction” (e.g. Connor et
al., 2018), “individualization” (e.g. Hachfeld & Lazarides, 2020), “personalized learning” (e.g.
Bernacki et al., 2021; Dockterman, 2018), “personalization” (e.g. Daruwala et al., 2021),
“personalized education” (e.g. Tetzlaff et al., 2021), “differentiated instruction” (e.g. Bondie
etal., 2019; van Geel et al., 2019), “differentiation” (e.g. Deunk et al., 2018; Prast et al., 2018),
“adaptive teaching” (e.g. Corno, 2008; Hardy et al., 2019; Vaughn et al., 2021), “instructional
adaptations” (e.g. Parsons et al., 2018) are among the most common found in the literature.
When taking a closer look at the definitions for the different terms provided, it is almost
impossible to arrive at conceptual clarity and clearly differentiate them from each other as the
same term is sometimes used for different concepts and different terms are sometimes used for
the same concept. The different terms seem to be rather the result of researchers coming from
different research traditions and disciplinary backgrounds. For example, whereas the term
“personalized learning” is mostly used by researchers focusing on educational technologies
and is thus a rather new concept (Bernacki et al., 2021; Daruwala et al., 2021; Major et al.,
2021; Roberts-Mahoney et al., 2016). “Individualized instruction” and “differentiated

instruction” have been around to describe teaching practices in classrooms for a long time (e.g.
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Miller, 1976; Slavin & Karweit, 1985; Stradling & Saunders, 2006), whereas differentiated
instruction typically describes the adaptation of instruction to small homogenous groups of
learners within a classroom (Bondie et al., 2019).

Despite there not being a consensus regarding which term to use, there is however, a
wide consensus in the literature regarding the underlying goal of individualizing, personalizing,
differentiating or adapting instruction: to align instruction with the specific characteristics of
individual learners in order to better meet the needs of each. For the purpose of this article, we
use individualized instruction as an umbrella term to describe such an instructional approach.
While individualized instruction may be implemented in the classroom in different ways
(Suprayogi et al., 2017), in the present study, we focus on three key aspects: 1) providing
different tasks for different students, 2) providing individualized attention (in the form of
specific instruction or feedback) to specific students, and 3) providing different amounts of
time for different students working on the same task, which can include both extending a time
frame for slower students as well as providing faster students with additional material. We
believe the first aspect, that is, individualized task assignment, to be at the heart of
individualized instruction. Note, that whenever instruction is adapted to smaller groups of
students and not individual students, we use the term differentiated instruction.

1.2 Measurement of Classroom Processes

Classroom instruction is a complex process that is constituted by an interplay

of multiple processes. There are several possible approaches for measuring these processes—

which all have their specific advantages and disadvantages—including external observers,

student self-reports, and teacher self-reports.
1.2.1 Observers
One possible approach is to observe the entire process in situ assuming that a) the

outside observer is able to access the relevant information and b) the specific timeframe of
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observation is a good representation of the process in general. Examples of studies employing
classroom observations are plentiful, especially in the context of measuring the basic
dimensions of teaching quality—classroom management, cognitive activation, and supportive
climate (e.g., Bell et al., 2019; Nava et al., 2019; Praetorius et al., 2018), and results indicate
that these dimensions can be reliably measured by observing a single lesson (Praetorius et al.,
2014).
Classroom observations are especially informative when the construct of interest manifests in
directly observable behavior (e.g. individualized task assignment) and can thus be assessed by
low-inference ratings (McConnell & Bowers, 1979).
1.2.2 Students

Students have a direct recipient perspective on most instructional processes, but their
ratings might be influenced by teacher popularity (Aleamoni, 1999; Greenwald, 1997). Fauth
et al. (2018) were able to show, however, that teacher popularity also significantly correlated
with instructional quality as measured by outside observers, indicating that those correlations
potentially stem from a true relation of these constructs, rather than a bias in the student ratings.
Moreover, younger children, in particular, might have a hard time identifying and
differentiating between pedagogical constructs. Previous research indicates, however, that
student ratings are a good source of information concerning both the suitability of tasks and
instructional approaches as well as their difficulty (Fauth et al., 2014; Kunter & Baumert,
2006). Asking all students in a class to provide ratings has the additional advantage of having
multiple observers of the same construct, which—given satisfactory agreement—increases the
reliability of the aggregated measure (see Liidtke et al., 2009). Student ratings of individualized
instruction are potentially less reliable than those of other classroom processes though, as the

amount of individualized instruction single students receive might vary based on the need
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perceived by the teachers and students might not be able to correctly identify whether their
classmates receive individualized instruction.
1.2.3 Teachers

While teachers also have a direct view on instructional processes, their perspectives
differ from those of students in a few key aspects. Most importantly, their ratings might be
influenced by self-presentation bias (e.g., Kopcha & Sullivan, 2007)—especially for highly
desirable aspects of teaching such as individualized instruction. It is also plausible that they
sometimes assess their intentions/ideals instead of their actual behavior (Wubbels et al., 1992).
But their expert knowledge on instructional theory also allows them to note aspects that
students are unable to classify. Previous research indicates that teacher ratings are a good
source of information for the details of instructional processes as well as for a differentiation
between related concepts (e.g., task selection and task presentation) that might be hard to
distinguish for students (Kunter & Baumert, 2006).

To conclude, all three perspectives—classroom observation, student ratings, and
teacher ratings—can offer unique and valuable insights. They might emphasize different
aspects of the respective constructs and be influenced by different factors. In the next
paragraph, we will discuss previous research on whether these different perspectives converge
or diverge when assessing the same construct.

1.3 Convergence and Divergence of the Different Perspectives on Classroom Processes

A literature review by Den Brok et al. (2006) found that correlations between teacher
and student perspectives are, in general, low to moderate. Additionally, for behavior that is
positively related to student outcomes, teachers report, on average, higher ratings than their
students. Kunter & Baumert (2006), reporting similar results, concluded that the low to
moderate correlations between student and teacher ratings do not necessarily stem from a low

reliability of the single measures but rather reflect systematic differences in the constructs—
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even when they are assessed with parallel items. This indicates that students and teachers do
have some shared perception of pedagogical constructs, but also include some aspects that are
unique to their respective roles.

With regard to the agreement between external observers and ratings provided by
teachers or students, Fauth et al. (2014) have shown that basic dimensions of teaching quality
can be reliably measured both by observation as well as by surveying teachers and students.
They also found considerable overlap between the three assessment approaches, indicating that
they all measure the same construct, albeit from slightly different perspectives. Scherzinger &
Wettstein (2019) found a moderate correlation between observers and students when rating
classroom management and virtually no correlation between observers and teachers. Clunies-
Ross et al. (2008), on the other hand, found considerable agreement between teachers and
observers when assessing the usage of specific classroom management strategies, indicating a
possible advantage of framing self-report questions as specifically as possible.

The majority of the above-mentioned studies investigated the basic dimensions of
teaching quality, as they are of high importance and clearly defined by specific indicators,
making them comparatively easy to measure (Praetorius et al., 2014). Concerning
individualized instruction, Fraser (1981) established the ICEQ, an individualization
questionnaire with parallel scales for students and teachers and found that teacher and student
perspectives correlated moderately (between r =.39 and » =.68 for the different subscales), but
also that teachers generally rated their instruction as more individualized than their students
did. We are not aware of any studies that use classroom observations to quantitatively measure
individualized instruction, let alone compare them to other perspectives.

In summary, while there is a lack of research on individualized instruction specifically,

research on other aspects of teaching quality indicates that there is a systematic overlap
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between all three perspectives across different constructs. This overlap is usually largest
between students and observers and smallest between teachers and observers. The differences
between the perspectives are systematic and vary across constructs. Agreement between
students and observers depends on the complexity of the construct, and teachers seem to rate
their behavior more favorably than students or observers, at least when they are asked about
their general behavior.
1.4 Challenges in Self-report Measures

A possible explanation for the low to moderate agreement between students and
teachers lies in the way their self-reports are usually framed. In self-report studies, a distinction
can be made between the believing, remembering, and experiencing self (Conner & Barrett,
2012). The experiencing self is usually assessed via ambulatory assessment—repeated
measurements that are collected during a specific activity—and depicts the behavior or
experience in the moment the question is asked. The remembering self is usually assessed via
retrospective reports—measurements collected at some point after a specific activity—and
depicts the memory of the behavior or experience in question. It is thus prone to well-known
memory biases such as peak-end effects (Kahneman et al., 1993). The believing self is usually
assessed via trait measures—measurements of stable characteristics without references to a
specific situation—and depicts participants’ beliefs about their general tendency to act or
experience things in a certain way. Especially for constructs where it may be assumed that
participants have strong beliefs about themselves, assessing behavior via trait measures tends
to give results closer to what they believe their behavior is or what they would like it to be (e.g.,
Houtveen & Oei, 2007; Robinson & Clore, 2002).

In the majority of the above-mentioned studies on agreement, the teacher perspective
is assessed via trait measures. It is conceivable that those tap mainly into the believing self,

which could lead to an overestimation of teaching behaviors that are positively related to
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student outcomes. The student perspective, on the other hand, is usually assessed via
retrospective reports and thus taps into the remembering self, given that students are rating
explicit past behavior of their teachers and not some enduring trait. We therefore assumed that
the agreement between teacher and student raters would be higher when the teacher perspective
is also assessed via retrospective reports instead of self-reports involving trait measures.
1.5 Research Questions and Hypotheses

This study incorporates multiple approaches to measuring individualization in a
classroom context, in order to assess different perspectives and their reliability. Besides the
instruments themselves, we were also interested in comparing the different perspectives to
explore to what extent and under what conditions they agree with each other. To achieve these
goals, we used classroom observations to assess different aspects of individualized instruction
-task assignment, attention and time allocation- and then compared the measures of
individualized task assignment to self-report measures from the student and teacher perspective
as assessed by established instruments. We chose to focus on task assignment as it is clearly
referenced in all of the used instruments. We further believe that individualized task assignment
is a useful tool for addressing learner variability independent of specific pedagogical traditions.

We posed the following specific research questions: 1) whether student reports, teacher
reports, and live observations could reliably assess the occurrence of individualization; 2)
whether the assessments of individualized task assignment from these different perspectives
correlate with each other; and 3) whether the kind of self-report measure used for the teacher
perspective—trait or retrospective—influences its agreement with the other perspectives.

Based on previous research that investigated agreement between assessment methods
of other aspects of teaching quality (Brekelmans et al., 2011; Donker et al., 2021; Fauth et al.,

2014; Scherzinger & Wettstein, 2019), we expected the highest overlap to occur between
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students and observers, less overlap between teachers and students, and only low to moderate
overlap between teachers and observers. We also expected retrospective teacher reports to
correlate more highly with the other perspectives than teacher trait measures.
2. Method

The current study was carried out as part of a larger research project running from
2018-2020. Data were collected in 35 German public elementary schools in two cohorts, one
in the school year 18/19, the other in the school year 19/20. Schools were recruited in
cooperation with the ministry of education of Hesse, without any special requirements (e.g.,
location, demographics). Each cohort was presented with a pretest at the beginning of the
school year and a posttest before the summer break. Teachers and their students participated in
the study on a voluntary basis. Participants did not receive any compensation for their
participation. Of the 73 teachers initially recruited, 57 completed the posttest, 33 of whom also
took part in our observations (17 in the first cohort, 16 in the second). The 57 teachers were on
average 40.14 (SD =9.37) years old and had an average of 13.32 (SD = 7.78) years of teaching
experience. Teachers were asked to provide explicit consent, separately for the questionnaires
and for the observations. Not all teachers who provided consent for the questionnaires also
agreed to the observations, leading to a reduced sample size for the comparison between the
two. The study was approved by the ethics committee of DIPF. For participating students, we
requested active consent from the parents and hence excluded all students for whom this
consent was not obtained. The student ratings were obtained from between 7 and 25 third grade
students per class (M = 10.90), leading to a total of 621 students from 57 classes. Those students
were on average 8.32 (SD=0.56) years old and showed average reading comprehension skills,

when compared to a norm sample of the same grade level (T =48.32, SD = 10.70).
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2.1 Measures
We collected data on individualized instruction in third grade German reading lessons
from three different perspectives: observers, students, and teachers. All of the measures we
used only deal with the sight-structure of individualized instruction. This means that we
assessed directly observable instructional actions without addressing the thought processes that
potentially lead to, or were induced by those actions.
2.1.1 Observational Measures
We observed one third grade reading lesson per teacher in the middle of the school year
for both cohorts (February/March 2019 and February 2020) with a standardized observation
protocol. Lessons were selected based on the schedules of the teachers (e.g. not directly before
a test) and the teachers were instructed to conduct a “typical” lesson. They received no
additional information on the goal of the study and did not know anything about the focus of
the observations.
For every aspect, observers rated whether the behavior occurred at least once during the lesson,
or not. The three observed aspects of individualized instruction were:
1) the individualization of tasks, which was assessed at two levels:
a) the assignment of different tasks to different groups of students: this code was applied
whenever at least one subgroup of the class was working on a different task
b) the individualized selection of tasks for specific students: this code was applied in
addition to 1a whenever an individual student was working on a task that no one else
was working on
2) the individualization of provided time, which was captured via two different indicators:
a) the provision of additional time for students that were slower than the class average

and were not able to finish the group task within the allocated time
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b) the provision of additional tasks for students who were faster than the class average
and finished the group task early
3) the individualization of attention, which was captured via two different indicators:
a) the allocation of attention to a specific subgroup of students (e.g., a teacher talks to
a group of students while the others are working on a written task)
b) the allocation of attention to an individual student: we coded this when there was at
least a short conversation between teacher and student(s) that had some relation to the
subject matter (in contrast to organizational conversations such as a student asking to
go to the restroom).
The six raters consisted of student assistants who were trained by Author 1 and 2 for about 18
hours (over six sessions) that took place over the course of two weeks. The training consisted
of watching videos of teaching situations in German elementary school classrooms (taken from
the VERA study (10.7477/20:1:1)). Raters rated the videos independently using the
standardized form. Differences in ratings were discussed afterwards.
Each lesson was observed in situ by two independent raters who both filled out the entire form.
Immediately after the lesson, they discussed any differences in their ratings and filled out a
third, unified form. All further analyses were performed with this agreed-upon form. The two
original forms were used to calculate interrater reliability. The allocation of the raters to the
lessons was conducted based on the availability of the raters, i.e., the lessons were rated by
changing pairs of raters and not by fixed teams.
2.1.2 Teacher Reports
We used two different measurement approaches to capture the teachers’ perspective—
a trait assessment at the end of the school year and a short online questionnaire that was
repeated every three weeks. These can be seen as corresponding to the believing and

remembering self, respectively (Conner & Barrett, 2012).
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At the end of the school year, we used a translation of the Differentiated Instruction
scale from the DSAQ (Differentiated Self-Assessment Questionnaire; Prast et al., 2015) to
obtain summative information on teachers’ individualization practices during the school year.
The differentiated instruction scale comprises seven items that detail possible instructional
adaptations e.g.: “I regularly provide high-achieving students with additional instruction or
guidance at their level.” All of these items are answered on 4-point Likert scales ranging from
Idon’t agree at all to I agree completely. These questions all target regular or general behaviour
and can thus be conceptualized as trait measures. While the DSAQ was originally designed for
mathematics lessons, the selected items are all worded in a general way that is applicable to
lessons independent of subject.

The online questionnaire was made available eight times throughout the school year.
Teachers were asked to provide details concerning their teaching practice during the previous
three weeks. This assessment included information concerning the distribution of learning time
to specific training of vocabulary, basic reading skills, advanced reading skills, reading
motivation, and reading precursor abilities for the whole class. We also gave the teachers the
option to indicate how much time was spent with different students working on different tasks.
This was assessed with a single item: “How often have you given different tasks to different
children during the last 3 weeks?”” and was used as an indicator for within-class differentiation
as experienced by the teacher. All of these questions were answered on a 4-point Likert scale
with answers ranging from never to often. As the questions target specific past behavior, they
can be understood as retrospective measures. The online questionnaire was presented on the
REDCap platform (Harris et al., 2009). Teachers received a link via email every three weeks.

If they did not fill out the questionnaire one week after receiving the link, a reminder email was
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sent. 42 teachers participated in the repeated online questionnaires and, on average, filled out
4.10 of the 8 questionnaires (range from 1 to 8).
2.1.3 Student Reports.

To assess the student perspective on teachers’ differentiated instruction, we used a short
self-report questionnaire (Dumont, 2016). This questionnaire was presented at the end of the
school year. Students made a retrospective judgement of the amount of differentiated
instructional practice they had received during the year. The 9 items were completed during
regular classroom hours under the supervision of our test administrators. Example items
included: “In our class, everyone is always working on the same tasks” and “In our class,
everyone gets the same tasks as homework.” Answers were given on a 4-point Likert scale
with the anchors definitely correct and not at all correct.

3. Analyses
All analyses were computed with R (Version 4.0.2) and Mplus (Version 8).

For the observer ratings, we calculated the interrater reliability between the two original
forms by using Cohen’s kappa (Cohen, 1968). For the teacher trait measurements, we used
sum-scores to aggregate the items from the DSAQ instruction scale and computed Cronbach’s
alpha for the internal consistency. We decided against a latent variable model because we
believe the measurement model to be formative rather than reflective. In a formative model,
different indicators additively form the construct together, without necessarily being related to
each other. For an in-depth discussion on formative models and how to assess their reliability,
see (Coltman et al., 2008; Diamantopoulos et al., 2008).

For the repeated online questionnaires, we calculated ICC(1) and ICC(2) to determine
the amount of variance that can be attributed to the teacher/stability over time. The ICC(1)

specifies the amount of variance that can be explained by group membership (in this case:
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teacher), while the ICC(2) is a measure for the reliability of the mean rating, taking group size
into account (Bliese, 2000).

We removed one item from the student questionnaire (“all children have the same subject at
the same time”) because all children were taught the same subject at the same time in our
sample. We used sum-scores to aggregate the data from each single student and afterwards
aggregated the scores from all students in a specific teacher’s class using mean scores. We used
Cronbach’s alpha to determine the internal consistency of the scale and we again calculated
ICC(1) and ICC(2) to determine the reliability of the class aggregate. To investigate the
agreement between the different perspectives, we used the indicator 1a)—provision of different
tasks to different students—on the observation sheet because it corresponds best to the
construct as it is operationalized in the student and teacher self-report scales. This is potentially
due to task assignment being a directly observable action with clear indicators — both for

teachers and for students.

4. Results

4.1 Reliability of the Different Measures

Before comparing the different perspectives, we first tested whether they were assessed
in a reliable way.
4.1.1 Observer Ratings

As all observed constructs were operationalized via low-inference ratings (see
McConnell & Bowers, 1979), we were able to attain a high level of objectivity and reliability.
We used Cohen’s kappa (Cohen, 1968) to measure the interrater reliability of our observations.
As a Cohen’s kappa above .6 is generally considered adequate agreement (McHugh, 2012), our

attained values from .66 to .90 (see Table 1) suggest that our observational measures were
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reliable. We then calculated the means and variances of each variable across all teachers. These
results can be found in Table 1.

Table 1

Means, variances, and reliabilities of observational measurements of individualized

instruction
Mean SD Range Reliability

(Cohen’s
kappa)

Individualized .26 .36 0-1 .79

Tasks 1

Individualized .10 24 0-1 .89

Tasks 2

Attention - 48 31 0-1 .87

Group

Attention - .60 31 0-1 .90

Individual

Time — wait for .32 33 0-1 .89

slow

Time - engage .12 20 0-1 .66

fast

4.1.2 Teacher

The items in the trait teacher questionnaire showed a similarly moderate internal
consistency in our sample (o = 0.68) as in the original study (o= .72) (E.J. Prast et al., 2015).
We believe that individualized instruction should best be modelled as a formative construct,
which means that a high internal consistency is neither required nor to be expected. Concerning
the reliability of the aggregated repeated measurements, we again looked at the ICC to
determine the relation of variance within and between teachers. The ICC(1) of 0.40 and ICC(2)
of 0.73 imply that these scores measure constructs at the teacher level and can be reliably
aggregated over multiple timepoints. The means and variances of these items across all teachers

and averaged over all timepoints can be found in Table 2.
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Table 2
Means, variances, and reliabilities of self-report measures for individualized instruction at the

classroom level

mean SD Range Reliability
Teacher (repeated 3.28 0.62 1-4 ICC(1)=0.40
retrospective) ICC(2)=0.73
Teacher (trait) 3.35 0.35 1-4 o=0.68
Student 2.22 0.43 1-4 a=0.72
ICC(1)=0.42
ICC(2) = 0.88

4.1.3 Student

The items in the student questionnaire showed satisfactory internal consistency (o =
0.72), indicating that they indeed measured the same construct. The students in the same class
also showed a high relative agreement with ICC(1) = 0.42 and ICC(2) = 0.88. Thus, the ICC(1)
shows that these scores actually measure constructs at the teacher level, as opposed to
individual student experience, while the ICC(2) shows that aggregating those scores results in
reliable measures. According to Fleiss (1986), an ICC(1) of >.15 and an ICC(2) of >.75 indicate
that the data can be reliably aggregated. Both of these values are necessary prerequisites for
the correlational analyses with the other variables, which are also assessed at the teacher level.
Descriptive results of these aggregated measures can be found in Table 2.

4.2 Correcting for Response Tendencies
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As this study was situated within a larger research project, the repeated teacher
questionnaire also contained questions concerning which aspect of reading instruction teachers
emphasized in a given timeframe. While their content is not relevant for this study, the
answering patterns of the teachers exhibited a peculiarity that provided some insight into
potential response tendencies (see section 4.2).

Upon examining the correlations between items of the repeated teacher questionnaire,
we noticed that the different instructional parameters were consistently positively correlated
(see Table 3). As the items measure the amount of time allocated to different aspects of whole-
class reading instruction, however, negative correlations between items should be expected. In
a limited timeframe, more time allocated to a specific aspect of teaching should indicate less
time allocated to the others. We thus believe that these correlations stem from a general
tendency to answer the questions in a more favorable way rather than a genuine relatedness of
the underlying constructs. If this is the case, any variance that is shared by all of them should
be uniquely attributable to this common response tendency. Under this assumption, we
specified a reflective measurement model in which all Likert-scale items from the
questionnaire are loading on a common factor. This resulted in an acceptable model fit (CFI =
.95; RMSEA = .073) with factor loadings from .49 (for individualized tasks) to .90 (for training
of precursor abilities). We understand the residuals in this model to approximate the true score
of a teacher on that specific variable, untainted by the common response tendency (but still
containing measurement error). We used those residuals in addition to the original scores (raw)
on that item for the correlational analysis. Figure 1 depicts the structural model underlying

these measurements.
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Table 3

Intercorrelations in the repeated teacher questionnaire

Vocabulary Advanced Basic Precursor Reading Individualized
Reading Reading Abilities Motivation Tasks
Skills Skills
Vocabulary 1 38 31 48 S5 30
Advanced 1 48 30 S1 38
Reading Skills
Basic Reading 1 44 40 A5
Skills
Precursor 1 45 28
Abilities
Reading 1 .19
Motivation
Individualized 1
Tasks

Note. Correlations with p <.05 are depicted in bold.

Figure 1

Measurement model for the assumed response tendency
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Note. The manifest variables from the retrospective teacher questionnaire are all loading on the
assumed response tendency factor. The red ellipse depicts the residual we use for the
correlational analyses.

4.3 Agreement Between Perspectives

We computed the Pearson product-moment correlations between the indicators of
individualized instruction for the different perspectives (student, teacher, and observer) and
tested them using t-tests. As can be seen in Table 4, there is substantial agreement (» = .43, p =
.01) between students and observers but no agreement between teachers and observers. This
pattern is slightly more complex for the agreement between teachers and students. While the
trait teacher questionnaire was uncorrelated with students’ ratings, the repeated teacher self-
reports did correlate with the student perspective (» =.38 p = .01), especially when controlled
for response tendencies (r = .49, p < .01). This pattern suggests that the type of self-report
measure used is an important factor that influences agreement. Finally, reports from the teacher

trait questionnaire were significantly correlated with the uncontrolled repeated measurements
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(r=.39, p=.01), providing further support for the assumption that those trait measures mainly

capture an idealized self-image of the teachers.

Table 4

Correlations — individualized tasks

Observer Teacher - Teacher — Teacher — Student
Trait retrospective retrospective
(raw) (corrected)
Observer 1 .06 -.07 .16 43
Teacher - 1 39 32 .03
Trait
Teacher - 1 95 38
retrospective
(raw)
Teacher - 1 49
retrospective
(corrected)
Student 1

Note. Correlations with p <.05 are depicted in bold.

5. Discussion

Our study investigated the reliability of different instruments for assessing

individualized instruction in a classroom context. We used these instruments to capture the
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teacher, student, and observer perspectives, which allowed us to determine the extent of their
agreement with each other. We further explored possible factors that influence this agreement,
in particular the type of self-report measure used and associated biases. To the best of our
knowledge, this is the first study that assessed individualized task assignment from all three
perspectives. Considering these perspectives simultaneously seems paramount for an accurate
assessment of within-classroom individualization. In order to investigate the prevalence and
associated outcomes of individualization in the classroom, it is important to ensure that
individualization reflects the scientific operationalization of the construct as well as the actual
classroom processes as perceived by students and teachers. We showed that individualized task
selection in the classroom context can be reliably assessed from three different perspectives—
teacher self-reports, student self-reports, and live observations (research question 1). The live
observations additionally assessed individualized allocation of attention and time with a high
interrater reliability. The three different perspectives do not strongly correlate with each other,
however. For the facet of individualized task selection, student ratings were moderately
correlated with both teacher self-reports and observer ratings, but the latter two did not correlate
significantly (research question 2). A similar pattern of results has already been shown for other
constructs, mainly classroom management (Den Brok et al., 2006; Fauth et al., 2014;
Scherzinger & Wettstein, 2019). While this is the first study investigating agreement between
all three perspectives for the construct of individualized task selection, the pattern of correlation
is the same as for the basic dimensions of teaching quality. This indicates that the systematic
differences between the perspectives might not be inherent to a specific construct, but rather
reflect a general tendency of the specific perspective on classroom processes. Based on this
observation we believe it to be likely that the other identified aspects of individualized
instruction in a classroom context — individualized time and attention — also behave in a similar

way, but future research will be needed to confirm this.
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Besides the investigated construct, one of the main differences between our study and
previous work concerning agreement between measures from students, teachers, and observers
is that we did not use completely parallel scales for assessing the different perspectives but
rather approached each perspective with an instrument appropriate for the target group. The
fact that we found the same pattern presents strong evidence, in our view, that the shared
variance is genuinely caused by the construct under investigation and not just by a common
measurement method. These findings not only provide a foundation for future research
questions concerning individualized instruction, but also shed some additional light on the
different factors that influence teacher self-reports — namely the framing of the question and
the timepoint of asking.

5.1 Response Tendencies

Another interesting finding is the discrepancy between the different types of self-report
assessments. Teacher reports were more highly correlated with the other perspectives when
assessed regularly and with questions targeted at specific past behavior rather than a summative
questionnaire about their general behavior (research question 3). These findings are in line with
the theory of different selves evoked by different kinds of self-reports (Conner & Barrett,
2012). According to this account, respondents that are asked to describe their behavior in
general (as 1s the case in the DSAQ) tend to answer more in line with their believing self, i.e.,
based on how they see themselves as a person, rather than their concrete behavior. When people
are asked about past behavior, they tend to answer more in line with their remembering self,
1.e., based on their memory of said behavior—including typical memory biases such as peak-
end-effect or self-presentation bias (Redelmeier & Kahneman, 1996; Zhang et al., 2018).

This self-presentation bias is also a plausible explanation for the positive correlations

between the different items in the retrospective questionnaire. When asked about the presence
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of behavior that is assumed to be positively connotated, teachers might tend to answer more in
the affirmative than they would otherwise. The fact that the retrospective self-report correlated
more highly with the other perspectives when corrected for this presumed bias further increases
the plausibility of that hypothesis. Correcting the retrospective responses for the presumed self-
presentation bias further increased the discrepancy between retrospective and trait self-
reports—although it is reasonable to assume that the correlation of the trait measures to the
other perspectives could also have been improved by some form of bias correction. The fact
that only the uncorrected retrospective measures were significantly correlated with the trait
measures provides some additional evidence for the hypothesis that those measures are biased

by idealized self-perception.

5.2 Evaluation of Instruments
5.2.1 Classroom Observation

By using low-inference ratings of directly observable behavior, we were able to attain
very high reliability scores. These come at a price, though: by focusing on processes that are
apparent on the surface of the lesson, we were only able to register the presence or absence of
specific behavior without any information on the quality or adequacy. This focus on directly
observable behavior offers a high amount of face validity and should increase the agreement
with the student and teacher ratings (which also target directly observable behavior). It does,
however, sacrifice a possible advantage provided by observers: the amount of professional
knowledge they can use to make sense of observed situations. Future studies could use trained

observers (probably through video and not live situations) to further differentiate between
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effective and ineffective individualization attempts in a way that student and teacher ratings
are likely unable to accomplish.
5.2.2 Teacher Questionnaires

While the DSAQ trait questionnaire provides reliable measures of teachers’ self-
reported individualization, these estimates are most likely influenced by self-serving biases and
thus tend to capture teachers’ self-concept regarding individualized instruction. In order to
better assess actual individualization, we recommend using items that target specific past
behavior, presenting them as close as possible to the relevant point in time, and/or using some
form of bias correction. Using an average of repeated assessments during the school year is
recommended when a high level of stability of the behavior in question is to be expected,
further increasing the reliability of the aggregate measure.
5.2.3 Student Questionnaire

The brevity of the student questionnaire—9 items that were answered once at the end
of the school year—and its ease of use make it a highly parsimonious instrument that can be
integrated seamlessly in all kinds of study designs. The high ICC showed that student ratings
reliably measure something unique to their teacher, while the fact that there are many
independent observers of the same construct further increases the reliability of the aggregated
measure. The simple statements in the questionnaire offer a high amount of face validity while
the significant correlations with the observer and teacher perspective also indicate at least some
convergent validity.
5.3 Limitations

The generalizability of these findings is limited by the characteristics of our specific
sample. As in most classroom observation studies, the cooperating teachers are a subset of the

teachers we asked to participate. It is reasonable to assume that this is not a random subset but
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rather influenced by possible self-selection biases among the teachers. Another limitation is the
fact that we only investigated third grade students from German schools, limiting the strength
of generalizations for assessing individualized instruction in different age groups or cultures.
Most importantly, we only investigated reading lessons; it is possible that the opportunities for
individualized instruction, as well as the way this instruction is best implemented, vary between
subjects and/or age-groups, with possible implications for the level of agreement between the
perspectives as well. The fact that similar patterns have been found for different constructs,
independent of the subject or the age-group, provides at least tentative evidence that our
findings are generalizable. Future research is clearly needed, however, that replicates these
findings in different subjects and age-groups.

Another limitation of the study lies in the brevity of the used instruments. Because it
was part of a larger study and space in the assessment instruments was strongly limited, we
could only probe one facet of individualization — individualized task selection — from all three
perspectives, and even that facet was only assessed by a single item in the repeated teacher
questionnaire. Having the same facets in all the instruments as well as several items per facet
would have been advantageous for increasing reliability and could provide additional insights
into the differences between the facets and how they are perceived by the different perspectives.

A final limitation of the current study is the fact that we only assessed indicators on the
surface level of the lesson. While we were, for example, able to measure if'a specific student
was assigned a different task from the rest of the class, we were not able to assess whether the
individualized task was actually a good fit for the student’s current learning situation. The latter
can also be defined as adaptive teaching, where the adaptations taken by the teacher are meant
to enable and enhance self-regulated learning on the student side and thus engender a long-
term process of academic aptitude development (Corno, 2008).

5.4 Future Directions
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Going forward, student ratings seem to be a very efficient and valid way of assessing
individualized instruction on a surface level. They showed the strongest correlation to both
observer and teacher ratings, despite being assessed only once via a quick questionnaire. The
fact that these ratings are composed of many individual student observers aggregated at class
level also greatly improves their reliability. This does not mean that the other perspectives are
without merit, however. Depending on the specific research questions, strong arguments can
be made for using teacher reports or observational measures. When using teacher self-reports,
we suggest that study designers should consider, in advance, possible biases and how to
circumvent them. One recommendation would be to use items that are targeted at specific past
behavior rather than general tendencies. These should be assessed as temporally close to the
actual behavior as possible. When utilizing in situ observations, we recommend using low-
inference indicators that are accessible on the surface of the lesson to guarantee satisfactory
reliability and objectivity of the measures.

The ability to precisely operationalize and measure different types of individualized
instruction is essential not only for assessing their merits, but also for identifying ways to foster
individualized approaches in day-to-day classroom instruction. Only with a solid base of
empirical research can the ubiquitous demand for more individualized education in regular
classroom practice be met. By providing several instruments that capture individualized
instruction from different perspectives, this article lays a foundation for future empirical
research addressing this need.

An interesting example of such future research would be a more precise analysis of
predictors on the teacher level-both of the amount of present individualization and of the
alignment with other perspectives. Knowing the necessary prerequisites (both on a cognitive

and an experiential level) for successful individualization would allow interventions to better
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foster it. Investigating the determinants of a strong alignment between teachers and their
respective students would shed further light on the specific factors influencing those
perspectives.
5.5 Conclusion

This study shows that individualized task assignment can be reliably assessed from the
teacher, student, and observer perspectives. The pattern of correspondence between these
perspectives is similar to the one shown for other classroom processes. Students and observers
show a moderate agreement in their ratings, students and teachers show a lesser — but still
significant — agreement, and no agreement could be found between teachers and observers. We
also show how some biases can be explained by the theory of multiple selves, which posits that
such response tendencies can be partially alleviated by framing the questions in a way that
targets the remembering rather than the believing self. Our results suggest that this can be
achieved by asking about specific past behavior, as close as possible to the timepoint of interest.
These findings pave the way for future research investigating the prevalence, prerequisites, and

outcomes of individualized classroom instruction.
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Abstract

Background: Learning Progress Assessments (LPA) have been developed to help
teachers individualize their curriculum. The use of LPA is facilitated by an increasing number
of computerized LPA tools. However, little is known about student factors that influence the
effectiveness of computerized LPA.

Objectives: In this study, we explored whether a computerized LPA that focused on
reading comprehension was differentially effective depending on students’ initial reading
comprehension abilities. Moreover, effects of the LPA implementation on other, related
literacy skills (i.e., decoding, spelling) were explored.

Methods: The development of reading and spelling skills of 668 third graders was
assessed in 41 LPA and 36 control classes in a pre- and posttest design. We analyzed effects
of the LPA on reading comprehension, decoding, and spelling skills, and whether this effect
was qualified by students’ initial achievement level.

Results: The LPA treatment proved beneficial for improving reading comprehension
but not for improving decoding or spelling. Children with low levels of reading comprehension
at the beginning of the school year benefitted particularly from LPA.

Takeaways: Our results suggest that teachers used the data offered by the
Computerized LPA to identify children with reading comprehension difficulties and to adapt
their teaching to their specific deficits. This leads to an accelerated increase in reading
comprehension ability that is specific to this group.

Keywords: learning progress assessment, formative assessment, reading education,

effectiveness
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Who benefits from Computerized Learning Progress Assessment in Reading
Education?
Evidence from a Two-Cohort Longitudinal Study

Reading acquisition is an individual journey. Children progress at different rates and
from the very beginning of reading education, studies find a lot of variability in students’ ability
to read (e.g., Mullis et al., 2017). Large-scale studies in Germany suggest that even with formal
education, about 20% of students leave primary school without advanced reading
comprehension skills (HuBmann et al., 2017 [IGLU-Studie]; Stanat et al., 2017 [IQB
Bildungstrend]). One approach to dampen this trend has been to individualize reading
instruction. Individualized instruction has become a dominant educational approach with
respected philosophies increasing all over Europe during the last decade (Lai & Schildkamp,
2013; Peters et al., 2021). One tool that has been developed to support teachers in
individualized instruction is Learning Progress Assessments (LPA; Forster & Souvignier,
2011; Fuchs & Fuchs, 1986; Walter, 2014).

Originally developed for special education classrooms in the U.S. (Deno, 1985; Fuchs
& Fuchs, 1986), LPAs have since been developed for several areas of academic achievement
(e.g., decoding, reading speed, reading comprehension, spelling, mathematics; Forster &
Souvignier, 2011; Jung et al., 2018; Lembke et al., 2012; Schiitze, Souvignier & Hasselhorn,
2018). The use of LPAs has expanded to general education thanks to the availability of
computerized LPA tools that facilitate their use with larger groups of students (e.g., Espin et
al., 2012; Forster et al., 2018). The key difference to standardized summative tests is that LPAs
consist of repeated parallel tests that closely match the curriculum and thereby allow for a more
fine-grained monitoring of students’ progress (e.g., weekly or every couple of weeks). LPAs

are, therefore, suited to detect short-term changes (Deno, 1985; Fuchs, Deno, & Mirkin, 1984;
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Lembke et al., 2012; Walter, 2014) and can help teachers to react swiftly to negative changes
in students’ learning trajectory.

Regarding efficacy, a recent meta-analysis reported low to medium sized beneficial
effects of an implementation of LPAs (e.g., Jung et al., 2018) in comparison to control classes.
However, not all meta-analyses revealed the same conclusion. Kingston and Nash (2011) found
overall small effect sizes of LPA implementations but identified factors that influenced the
LPA’s efficacy. For example, they found that computer-based implementations or
implementations of LPA that include courses for professional development had the largest
effects in comparison to other types of implementations. Thus, they noticed that the type of
LPA implementation and how teachers use the data provided by an LPA might affect the
efficacy of the tool. Therefore, they pointed out that instead of focusing broadly only on the
efficacy of the usage of LPA, more studies should focus on factors that influence the efficacy
of LPA.

In line with that suggestion, some recent studies focused on the teacher level to identify
factors that can influence the efficacy of an LPA implementation. For example, Zeuch and
colleagues (2017) showed that teachers’ ability to read and interpret learning progress graphs
provided by LPA tools differed as a function of their subject knowledge. Schildkamp and
colleagues (2020) went on to identify several teacher characteristics (e. g., prior knowledge)
that influence the efficacy of LPA implementations. By comparison, factors on the level of
students have been studied fewer but might also contribute to explaining the efficacy of LPA
implementations.

For example, Peters and colleagues (2021) studied whether data from several LPA
efficacy studies show benefits for low-achieving students in reading fluency or reading

comprehension (up to the 25™ percentile). Overall, results indicated that LPA implementations
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were not effective for low achieving students. The result is interesting and might indicate that
teachers might not use the data provided by LPA to support low achievers — but might also
have been obscured by the absolute cut-off criterion for low achievement. Some studies (e.g.,
Schmitterer & Brod, 2021) indicate that teachers orientate on their class mean rather than on
an absolute or standardized criterion of students’ reading competencies when estimating who
needs reading support. Focusing on children within the lowest 25% in a standardized test might
cut some variability of children that teachers perceive as low achieving in comparison to their
class mean but might not be low achievers in a standardized test. Therefore, in this study we
aimed to check whether the general initial reading level of students had an impact on the
efficacy of the LPA implementation.

Results by Peters and colleagues (2021) further revealed class level effects. For
example, data from second and fourth grade indicated no beneficial effects of LPA treatment
but data from third grade indicated low to medium-sized benefits of an LPA implementation
for low-achieving readers. As mentioned above, LPAs are developed to match the school
curriculum. The overlap of the LPA’s task construct with the curriculum and the skills assessed
might be another factor contributing to LPA implementation efficacy. For example, if the focus
of the curriculum is reading comprehension and the LPA task focuses on reading
comprehension but we measure decoding, one might hardly find beneficial effects of the LPA
implementation. If teachers did not receive information about their student’s learning progress
in decoding abilities, they might not focus on students’ respected reading difficulties in their
adaptive teaching approaches. In the case of the third grade LPA implementation reported by
Peters and colleagues (2021), the construct of the LPA task matched the curriculum and the
skills measured at the beginning and at the end of the school year. This matching, to our

knowledge, has not been focused on in previous LPA efficacy studies.
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Studying translating effects of LPA efficacy to not directly assessed reading skills
might also enhance our understanding of the effects of LPA. There are several things teachers
could do if the data provided by the LPA indicates, say, slow reading comprehension progress.
They could focus on training the specific skills assessed in the LPA (i.e., reading
comprehension) or they could focus on underlying or related skills (e.g., decoding, spelling) or
on other factors altogether (e.g., reading motivation). Little is known so far about what teachers
are doing with the data provided by the LPA, which is likely the case because it would require
in-depth interviews and classroom observations. Indirect evidence can be drawn from
comparing the effects of the LPA on the assessed reading skill versus related skills that were
not directly assessed. If teachers used the data offered by the LPA to provide individualized
training on a specific skill, students should improve more on the specific skill rather than on
related skills (e. g., Ise et al, 2012; Sala et al., 2019). If this was not the case, effects on related
skills should be similarly strong.

In this study, we present data from a two-cohort longitudinal study with third graders.
In our analyses, we first aimed to replicate the finding that children’s reading comprehension
abilities improve more in classes using a computerized LPA of reading comprehension in
comparison to control classes without LPA (e.g., Jung et al., 2018; Kingston & Nash, 2011;
Peters et al., 2021). Second, we strived to test whether children’s initial achievement level is
related to the efficacy of applying LPA. We expected that children with lower initial
achievement levels would be more likely to benefit than children with high initial achievement.
Finally, we aimed to explore whether the usage of LPA specifically improves students’ reading
comprehension as assessed in the LPA, or also transfer to other reading or reading-related skills

(i.e., decoding and spelling). In light of previous research, we expected treatment effects
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specific to reading comprehension - the skill measured with the LPA that matched the

curriculum.

Methods

The current study was part of a larger research project running from 2018 to 2020. The
study followed a quasi-experimental design with a treatment group having access to a
computerized version of an LPA and a control group without access to the LPA. Recruitment
was conducted at the school level. Teachers could choose freely whether they wanted to
participate in the study. Data were collected in two cohorts, one in the school year 2018/2019
in the state of Hesse in Germany, the other in the school year 2019/2020 in the states of Hesse
and Lower Saxony. Each cohort completed a pretest at the beginning of the school year and a
posttest before the summer break. Due to the school lockdowns and distance measures in
Germany during the Covid-19 pandemic, the posttests in the school year 2019/2020 were
administered not by trained research assistants, but by the respective teachers. Teachers
received an elaborate handbook beforehand and were instructed to keep as closely to the
handbook as possible. Teachers and children’s caregivers gave their consent to the participation
before data collection. Children did not receive any incentives for their participation. Teachers
and parents received summary statistics of their own classes and details regarding the changes
of their children’s reading and spelling skills at the end of the school year.
Participants
Teachers

We recruited 61 teachers from primary schools in Hesse, and 16 teachers from schools
in Lower Saxony for participation in our study. Of the 61 Hessian teachers, 46 used the LPA

program “quop” in their reading lessons (treatment group). When carrying out the study,
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“quop” was available free of charge for schools in Hesse as part of a state-wide program and
schools were encouraged to use it. If a school decided to take part in the program, most teachers
in a school used it. Control group classes were sampled from schools who did not take part in
the program. Because both participation in “quop” and in our study was voluntary, assignment
of classes to conditions was not random. The teachers in the treatment group were on average
40.34 (SD = 9.95) years old. The teachers in the control group were on average 42.0 (SD =
8.55) years old. Three of the teachers were male (two of them in the treatment group), the
remaining 74 were female. Teachers in the treatment group reported an average of 13.11 (SD
= 7.95, range = 4-30) years of general teaching experience and 5.65 (SD = 5.82, range = 0 —
27) years of experience teaching third grade classes. Teachers in the control group reported an
average of 13.56 (SD = 6.99, range = 4 — 30) years of teaching experience and 5.73 (SD = 5.18,
range = 1 — 19) years of experience teaching third grade classes.
Students

From the more than 700 third graders in the participating classes, we excluded 52 (7 %)
children with a nonverbal 1Q below 70 from analysis, to make sure that all children were able
to comprehend all instructions and because we assumed that most of these children participated
in special education programs that would affect the interpretation of our data. The remaining
668 children had full datasets of measures administered during group sessions at both pre- and
posttest. These 668 children were nested in 77 (31 control) classes. They were on average 8;8
years; months old (SD = 5.59 months) and 57 % of them were female. Information about socio-
economic backgrounds (SES) were retrieved from 549 of 668 parents and operationalized with
the HISEI (Highest International Socio-Economic Index of Occupational Status; Ganzeboom
et al.,1992 and Ganzeboom, 2010). The SES was highly variable in both groups (treatment:

mean = 54.27, SD = 17.07, range = 15 — 89; control: mean = 51.15, SD = 17.45, range = 16 —
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89). Children in the treatment group scored significantly higher than those in the control group
on measures of nonverbal intelligence (p <.001) and reading comprehension (p =.03) at pretest
(see Table 1). Means and standard deviations of group differences are reported in Table 1. The
children in the treatment group also showed a higher proportion of native German speakers (74
%) and a lower amount of bilingual children (16 %) than the control group (46 % native 27 %
bilingual; p < .001). To control for these pre-existing group differences, we added them
(separately) as control variables to our final model. Those additional models can be found in
the Appendix (Tables A2 and A3).

Table 1

Mean and Standard Deviations of Background Variables for the Student Sample

Mean (SD) Mean (SD) Range Range
Control Treatment Control Treatment
Reading Comprehension® 60.16 63.46 22118 15-113
(20.34) (20.42)
Nonverbal Intelligence® 32.32 33.99 20-44 20-43
(6.17) (5.55)

Note. *raw sum scores from ELFE-II; ’raw sum scores from the CFT; see materials section for
descriptions of the respective tests; N = 668.

In addition to group sessions, we also administered some reading and language tasks
(i.e., productive tasks involving speaking) in individual sessions. For these sessions teachers
nominated up to seven students from their classroom that either had issues with literacy or were
representative to the classes reading level and diversity. This was the case, because the greater
framework of the research project had one focus on underlying abilities of reading in children
with reading difficulties. Regarding age, gender and socio-economic background there were

no relevant differences between the samples from group and individual sessions. However, by
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comparison the group session, children in individual sessions, expectedly, showed lower
achievement levels in reading and more children spoke German as a second language. The
sample differences are reported in detail in this study (Schmitterer & Brod, 2021). Regarding
the present study, data from individual sessions were only used for the analyses of decoding
abilities in the small sample to analyze whether beneficial effects of the LPA implementation
for reading comprehension also translated to underlying reading abilities. To this end, we report
relevant variables and ran additional analyses to ensure comparability that are referred to in the
results section and reported in the Appendix.

LPA
The computer-based LPA “quop” (Souvignier & Forster, 2011; Souvignier et al., 2021)

used in the treatment classes is a web-based LPA program developed at the Universitét
Miinster. For third grade students, quop measures reading comprehension as well as reading
fluency with a maze task every three weeks and is providing teachers with graphs of the
development of their students in these domains (for a detailed description of the tasks used in
quop, see Souvignier et al., 2021). Teachers receive graphs displaying the progress of
individual students’ average test scores (accuracy and speed) compared to the class mean. Thus,
teachers are provided with information about which children stay below or above the class
mean across the school year. Furthermore, they have some information that is connected to the
specific task selection of the LPA.

To monitor teachers’ use of the LPA, we asked them to complete an online
questionnaire every three weeks in which they reported the number of times they looked at the
LPA data for their students. In a three-week timeframe, teachers reported to look at the data of
6.17 children on average and to look at each child's data 1.69 times. Teachers also reported to

find the data "somewhat useful" (3.01 on a 1-4 Likert scale). This indicates that teachers were
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using the information provided by quop. We also asked them which information they found
especially useful, with 88% selecting the individual progress graphs, 52% selecting the graph
of the class mean and 50% the comparison of the mean and the individual. Multiple selections
were possible.
Materials
Reading Comprehension

For assessing the level of reading comprehension, we used the ELFE II (Lenhard et al.,
2017). ELFE 1I is a speeded test, measuring reading comprehension on the word-, sentence-
and text-level. Since we were interested in general reading comprehension proficiency, we used
sum scores over all subtest as a general reading comprehension score. The internal consistency
(alpha = 0.97) indicates a high reliability of the sum scores. For a detailed description of the
ELFE and its specific items, see Lenhard et al., (2017).
Decoding

Children’s decoding ability was assessed by the pseudoword reading task of the SLRT
IT (Moll & Landerl, 2010). In this task, children were presented a list of pseudowords and asked
to read as many of the pseudowords out loud as possible in one minute. The variable of interest
was the number of pseudowords that were correctly read aloud in one minute.
Spelling

Spelling ability was measured by the spelling test of the SLRT II (Moll & Landerl,
2010). In this test, children were presented 48 written sentences that each missed one word.
Each sentence was read aloud, including the missing word. Then the missing word was
repeated, and children had to write down the missing word into the blank spaces. The variable
of interest in this case was the number of correctly spelled words.

Nonverbal Intelligence
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As our measure of nonverbal intelligence, we used the Culture Fair Intelligence Test
(Weill & Osterland, 2013). The CFT is a nonverbal intelligence test and was administered by
trained test supervisors in a pen and paper format to the whole class at the same time. For a

detailed description of the CFT and the specific tasks used in it see Weill & Osterland (2013).

Analyses

We ran multilevel models to account for the nested structure of students attending
classes of teachers who did or did not use LPA. Thus, we accounted for the variability in
reading proficiency between classes (Level 2) and between students (Level 1). We fitted the
models using the Ime4 package (Bates et al., 2015) in R. The dependent variable was children’s
reading comprehension score at the end of third grade. For the first model, we added reading
comprehension at the beginning of the school year and group (LPA vs. control) and their
interaction as fixed effects to the model described above. Moreover, classes were added as a
random effect factor to account for variability between classes. For all analyses, we quantified
the severity of multicollinearity using variance inflation factors. Variance inflation factors were
all below 8, which has been estimated to be within an acceptable range (O’Brian, 2007;
Marcoulides & Raykov, 2019).

Since our participants attended school in different regions of Germany and the second
wave of our sample was affected by Covid-19 lockdowns, we controlled for region and wave
with additional fixed effects. Finally, in all models, we checked for variance inflation ({vif}
function in car package; Fox & Weisberg, 2019). Furthermore, we calculated Pseudo R?
({r.squaredLR} function in the MuMin package; Barton, 2019) to show the explained

variability of the testing models based on Level 1 effects in comparison to null models (only
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random effects). Explained variances were high and Pseudo-R?s are reported in the notes to the

tables of the respective model.

Table 2

Results of the Multilevel Model focusing on the Effect of initial Achievement on Reading

Comprehension Abilities at the End of Third Grade as a Function of Attendance of an LPA

Class
Fixed Effects Estimate SE t value
Intercept 24.06 2.53 0.49%*%*
Reading Comprehension at T1 0.93 0.03 28.16%**
Treatment Group (LPA/ No LPA) 7.36 3.23 227 *
Year of Assessment (Corona/ No Corona) -0.29 1.58 -0.18
Region (Hesse/ Lower Saxony) 2.41 2.48 0.97
Reading Comprehension at T1 * TGroup Interaction -0.10 0.04 -2.53%*

Note. ™" p <.001; ™ p <.01; * p < .05; For this analysis data from 668 students with full data

sets were used; Pseudo-R%>= 0.74; N = 668.
Results

Computerized LPA Particularly Supports Poor Readers

Our results (see Table 2) show that reading comprehension at the beginning of the

school year was a strong predictor for reading comprehension at the end of the school year.

This finding indicates a high stability of individual differences in reading comprehension
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proficiency, already during grade 3. Nevertheless, children in classes that used LPA had higher
gains in reading comprehension at the end of third grade than their peers in classes without
usage of LPA. This finding held when year of assessment or region were controlled for. These
effects were qualified by a significant interaction effect between group and children’s reading
comprehension at pretest. This interaction suggests that the differential stability of reading
comprehension differed between classes with and without LPA. Figure 1 indicates that this
interaction effect is mainly driven by students with low reading comprehension scores at the
beginning of the school year. When these children were in the LPA group, they achieved higher
levels of reading comprehension at the end of the school year than their peers in classes without
LPA. In contrast, children with high initial scores improved in a similar way regardless of their
classes’ use of LPA. Thus, results suggest that children with lower achievement levels were
more likely to profit from the application of LPA in their classroom.

Figure 1

Interaction effect of the between-group Differences of the Effect of Achievement level at Tl on

the Reading Comprehension Score at T2
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Note. Polygons around the lines represent 1 SE deviation from the mean (i.e., lines); Lines
represent the effect of achievement level at T1 on achievement at T2 in a reading
comprehension test (i.e., ELFE); Graphs at the bottom zoom into effects for children with low
or high achievement at T1.

Do the Effects of LPA Translate to other Literacy Skills?

Moreover, we also ran two modified versions of the first model to check for effects of
the LPA treatment on further reading and reading-related skills (see Table 3). In one model,
we focused on decoding and, thus, used decoding at posttest as the dependent variable.
Decoding at pretest and its interaction with the group variable (treatment vs. no treatment) were
entered as fixed effect in the model. In the second model, we did the same for spelling. Since
decoding proficiency was assessed in individual sessions, the sample size in this model was
smaller. We, therefore, ran an additional model to replicate the first analysis to ensure that

results regarding reading comprehension would be comparable in the large and small sample.
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Results indicated that, indeed, effects in both sample sizes were comparable. An overview of
differences in initial reading ability of the large and small samples are provided in the Appendix
(Tables A1, A2). In both cases, no transfer effects of the LPA treatment were found (i.e., no
main or interaction effect involving the group variable).

Table 3

Effects of Initial Achievement in Decoding and Spelling Development at the End of Third Grade

as a Function of Attendance of an LPA Class

Decoding (N = 230)

Fixed Effects Estimate SE t value
Intercept 16.21 1.74 9.34%%x*
Decoding at T1 0.95 0.03 28.6%**
Treatment Group (LPA/ No LPA) -3.27 3.18 -1.03
Region (Hesse/ Lower Saxony) -1.23 1.33 -0.93
Decoding at T1 * TGroup Interaction -0.01 0.08 0.16

Spelling (V= 660)

Intercept 14.73 0.98 14.93%**
Spelling at T1 0.72 0.04 24 5] %**
Treatment Group (LPA/ No LPA) -0.38 1.27 -0.30
Year of Assessment (Corona/ No Corona) 0.40 0.58 0.67
Region (Hesse/ Lower Saxony) 0.39 0.94 0.42
Spelling at T1 * TGroup Interaction 0.05 0.04 1.24

Note. ™ p <.001; ** p < .01; * p <.05; The number of data points per analysis represent all
children for whom Decoding or Spelling data at T1 and T2 were complete (see Table A2 and

Method section for details); Pseudo-R?pecoding = 0.99; Pseudo-R?speliing = 0.71.
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Is the LPA Conditions’ Efficacy explained by Other Covariates?

We discovered several differences in background variables between treatment groups.
Therefore, we ran a number of analyses with additional covariates that controlled for social or
intellectual differences between groups. To achieve this, we added measures of language
background and nonverbal intelligence of the children as additional covariates, separately.
Controlling for language background attenuated the strength of the main effect but did not
explain additional variance in reading comprehension gains. The interaction effect (RC X
Treatment group) also remained untouched. Controlling for nonverbal intelligence did not
affect the results. These models are reported in the Appendix (Tables A3 and A4).

Discussion

Computerized LPAs carry the promise of supporting teachers in individualizing their
teaching (e.g., Jung et al., 2018). In this study, we aimed to replicate the efficacy of
computerized LPA for promoting reading comprehension in elementary reading education
(Forster et al., 2018; Forster et al., 2015; Hebbecker & Souvignier, 2018; Jung et al., 2018),
and we aimed to expand this research in two ways. First, we asked if the response to the LPA
depends on children’s initial achievement level. Second, we asked if the effects of LPA usage
were specific to reading comprehension or also transferred to further reading or reading-related
skills. With our study, we respond to previous research that has recommended to not focus
solely on the efficacy of the implementation of LPA but also on factors that influence the
efficacy of the use of LPAs (e.g., Kingston & Nash, 2011).

General Efficacy of Computerized LPA

Of the 77 classes that were used in the analysis, 31 were control classes and 46 were

classes in which teachers made use of a computerized LPA to follow their students’ reading

comprehension development throughout the school year. Our results show a positive main
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effect of treatment, indicating that children in classes where the LPA was implemented showed
overall more gains in their reading comprehension than their peers in the control group. This
effect was also found when differences between the treatment groups were controlled (i.e.,
nonverbal intelligence, language background; see Tables A3 and A4 in the Appendix). These
results are in line with meta-analyses that show beneficial effects for the use of LPA in teaching
reading (Jung et al., 2018).
Differential Effectiveness Based On Students’ Initial Reading Comprehension Abilities

In our models, an interaction effect of the treatment group with the initial reading level
indicated that the treatment effect was moderated by the level of reading comprehension at the
beginning of the school year. Considering the positive main effect for treatment group, the
negative interaction effect indicated that specifically children with low initial levels in reading
comprehension benefited from the implementation of the LPA in their class (see Figure 1).
These findings suggest that either teachers used the information provided by the LPA
particularly for identifying and supporting children with reading difficulties in an
individualized manner, or that they generally adapted their teaching towards more
individualized instruction and low achievers particularly benefited from this adaptation. Either
way, this finding suggests that the initial achievement level of children is one factor that is of
relevance for the efficacy of the implementation of LPA. However, we would need more
precise data on how teachers used data to support their students on an individual level to draw
more specific conclusions.

Our results regarding achievement level add to recent findings of Peters and colleagues
(2021), who found some beneficial effects for the LPA implementation in low-achieving third
grader. These findings were connected to special teacher training programs, which was not the

case in our sample. Furthermore, our data was collected in a different region. We also used a
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continuous scale of achievement rather than a standardized cut-off criterion, because previous
studies suggest that teachers orientate on the mean skill level in their class rather than on an
absolute criterion (Schmitterer & Brod, 2021). Nevertheless, ours and their studies both found
beneficial of computerized LPA in third grade for the support of reading comprehension
development — specifically for children that were initially low achievers in this domain of
reading comprehension. More longitudinal studies, however, would be necessary to see
whether these beneficial effects can stabilize the reading acquisition process long-term and
whether - if other pre- and posttest measures are used — these beneficial results can also be
found in other grades.

Efficacy of LPA: Broad or Specific?

Our results show that the positive effects of an implementation of LPA in reading
comprehension measures were not found for other variables measuring literacy and literacy-
related skills. Neither the positive treatment group effect nor the interaction effect of treatment
group and initial achievement skill was present in models that had decoding or spelling at the
end of the school year as outcome measures. This was the case even though decoding, spelling
and reading comprehension were moderately correlated (» = 0.5 — 0.75). In addition, decoding
- as an underlying skill of reading comprehension (Hjetland et al., 2020; Van Viersen et al.,
2018; Wang et al., 2019) - was not affected by the LPA implementation. Thus, our results
indicate that beneficial treatment effects were specific to the skill that was measured with the
LPA and trained in third grade according to the curriculum. This specificity of effects indicates
that teachers indeed used the specific data on reading comprehension provided by the
computerized LPA to individualize their reading instruction. However, based on our study we
cannot say what this individualization looked like. In-depth interviews with the teachers along
with classroom observation studies are needed to clarify how teachers used the data provided

by the LPA to support children’s reading comprehension skills.
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Limitations

Our study had several limitations. Most importantly, assignment of classes to the
intervention and control group was not random since teachers could decide freely whether they
wanted to participate in the study or in using the LPA. Our data indicate that the two groups
differed at pretest. This difference could be connected to the fact that some control classes were
from a different region within Germany. In addition, data collection took place in two waves,
and the second wave was affected by the Covid-19 pandemic, including three weeks of
complete school closures. For the same reason, we had to postpone some of the post-tests
during the second year of data collection and had most of the post-tests conducted by teachers.
We dealt with this situation by controlling for various variables that we could measure (e.g.,
year of assessment, region of assessment, cognitive abilities) and we did not find effects
indicating any significant interference with the results by these measures. Furthermore, due to
the nested data structure we accounted for between-class effects. These effects would be
expected to outweigh systematic effects of region or cohort. However, of course, we cannot
ensure that our actions to control group differences were sufficient.
Future Directions

We found that the LPA for reading comprehension was particularly beneficial for
students with low initial levels of reading comprehension. Future studies could collect more
data on how teachers use the information of the LPA to support these students on an individual
level, too. Another interesting question to study would be in what way computerized LPAs can
be implemented in a classroom most effectively to achieve the overarching academic goal of
teaching all children to read well. Here, the rise of computerized LPA allows for the assessment
itself to be tailored to individual students. Following up on our finding that the positive effects

of LPA implementation are specific to the skills that were measured by the LPA, an important



195

question for future research is whether the LPA should be tailored to individual needs of
students (e.g., LPA for decoding if children have difficulties in that domain), continue to be
tailored to the curriculum (e.g., reading comprehension in third grade) or whether both
approaches should be combined.
Summary

In summary, this study corroborated earlier studies that found that computerized LPA
helps to foster third grade students’ reading comprehension. Going beyond these previous
studies, we found that children with low levels of reading comprehension at the beginning of
the school year profited most from computerized LPA. These effects were specific to reading
comprehension and did not transfer to cognate literacy skills such as decoding or spelling.
Taken together, these findings suggest that teachers used the specific data provided by the LPA
to identify children with reading difficulties and to adapt their teaching to their specific deficits,
which leads to an accelerated increase in reading comprehension ability that is specific to this
group. Future studies on the efficacy of LPA implementation are needed that combine these
data with information about how exactly teachers used the data provided by the LPA to support
children’s reading comprehension skills. The identification of factors influencing the success
of computerized LPAs is of high relevance for boosting individualized instruction in regular
classrooms. Knowledge of these factors could be incorporated in teacher trainings in order to

improve their data-based decision making.
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Appendix

Table Al

Results of the Multilevel Model focusing on the Effect of initial Achievement on Reading

Abilities at the End of Third Grade as a Function of Attendance of an LPA Class in the Small

Sample
Fixed Effects Estimate SE t value
Intercept 21.67 2.98 7.29% %%
Reading Comprehension at T1 0.98 0.04 21.97%**
Treatment Group (LPA/ No LPA) 9.04 4.22 2.14 *
Year of Assessment (Corona/ No Corona) 1.78 2.17 0.82
Region (Hesse/ Lower Saxony) 0.19 3.16 0.06
Reading Comprehension at T1 * TGroup Interaction -0.17 0.07 -2.64*

Note. * p <.001; ™ p <.01; * p <.05; For this analysis data from 344 students with full data

sets in group and individual sessions were used.
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Table A2

Overview of relevant Sample Characteristics in the Large and Small Samples at T1

Large Sample Small Samplel Small Sample2
(N =668) (N=1344) (N=230)
M SD M SD M SD

Reading Comprehension 62.16 20.44 52.05 16.9 52.47 16.92

Decoding -- -- 28.45 9.89 28.81 10.39

Note. Small Sample 1 represents all children with full data sets in individual and group sessions
at T1 in both waves; Small Sample 2 represents all children with full data sets in individual and
group sessions at T1 for whom we could also measure decoding proficiency during the second

wave at T2 during Covid-19 distancing measures.
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Table A3

Results of the Multilevel Model focusing on the Effect of initial Achievement on Reading

Abilities at the End of Third Grade as a Function of Attendance of an LPA Class, controlling

for language background

Fixed Effects Estimate SE t value
Intercept 24.64 2.60 9.51%**
Reading Comprehension at T1 0.92 0.03 27.95%**
Treatment Group (LPA/ No LPA) 6.08 3.24 1.88
Year of Assessment (Corona/ No Corona) -0.29 1.58 -0.19
Region (Hesse/ Lower Saxony) 2.62 2.48 1.06
Bilingual -0.18 1.01 -0.18
German as second language -1.21 1.17 -1.04
Reading Comprehension at T1 * TGroup Interaction -0.09 0.04 -2.11%

Note. ™ p <.001; ™ p <.01; " p <.05; For this analysis data from 667 students were used. For

the factor language background contrast coding was used with the reference level German as

first language; Pseudo-R? = 0.74.
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Results of the Multilevel Model focusing on the Effect of initial Achievement on Reading

Abilities at the End of Third Grade as a Function of Attendance of an LPA Class, controlling

for nonverbal intelligence.

Fixed Effects Estimate SE t value
Intercept 22.07 3.20 6.90%**
Reading Comprehension at T1 0.92 0.04 27.51%**
Treatment Group (LPA/ No LPA) 6.40 4.22 1.99%*
Year of Assessment (Corona/ No Corona) -0.42 1.58 -0.27
Region (Hesse/ Lower Saxony) 2.74 3.16 1.09
Nonverbal Intelligence 0.07 0.07 1.00
Reading Comprehension at T1 * TGroup Interaction -0.09 0.04 -2.18*

Note. ™ p <.001; ™ p <.01; * p < .05; For this analysis data from 667 students were used;

Pseudo-R?=0.74.
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