Towards the Implementation of a Digital Learning Program in
Mathematics: Determinants of Practice Behavior and Effects on

Performance, Self-Concept, and Anxiety

DISSERTATION
in fulfillment of the requirements for the doctoral degree at the Faculty of

Arts and Humanities at Kiel University
submitted by

Anna Katharina Maria Hilz, Dipl.-Psych.

Kiel,
February 2024



First examiner
Second examiner
Date of the oral examination

Approved for printing by the second Vice Dean for
Studies and Examinations, Prof. Dr. Elmar Eggert

Prof. Dr. Olaf Koller

Prof. Dr. Uta Klusmann

28.06.2024

13.01.2025



DANKSAGUNG

Zunéchst mdchte ich mich herzlich bei Olaf Kéller, Karin Guill und Janina Roloff-Bruchmann
bedanken, die mir ermdglichten am IPN im Projekt IMPULSE zu promovieren. Weiterhin
danke ich Olaf Koller fur die Begutachtung dieser Arbeit. Ebenso mdéchte ich mich bei Uta
Klusmann bedanken, einerseits fir die Begutachtung meiner Dissertation, andererseits aber
auch fur ihr wertvolles Feedback in den letzten Jahren. Auferdem danke ich Grainne
Newcombe fiir die wertvolle Sprachkorrektur. Mein ganz besonderer Dank gilt Karen Aldrup
fir die Betreuung meiner Promotion in den letzten 2 Jahren. Durch deine unglaublich
wertschatzende Art und dein wahnsinnig lehrreiches Feedback hast du mich mafRgeblich in
meinem kreativen und kritischen Denken gefordert. Ich bin sehr dankbar fir alle Dinge, die ich

von dir lernen durfte.

Insbesondere mdchte ich mich bei meinen IMPULSE-Kolleginnen Lisa und Katharina fur den
lehrreichen Austausch und die wertvolle Unterstiitzung in den letzten Jahren bedanken. Ich bin
sehr dankbar fir die schonen Erfahrungen, die wir gemeinsam sammeln durften und die vielen
Momente, in denen wir gelacht haben. Weiterhin danke ich allen Menschen, die den WiPa als
Ort der Inspiration und des wertvollen Austauschs gepragt haben. Mein besonderer Dank gilt
dabei Luca, Ute, Lucas und Livia, nicht nur fir unsere aufregenden und erlebnisreichen
Konferenzreisen, sondern auch flr eure uneingeschrénkte Unterstiitzung. Ihr habt vor allem die

letzten 2 Jahre sehr besonders gemacht.

Weiterhin danke ich meiner Freundin Merle. Du bist immer flr mich da, wenn ich emotionale
Unterstltzung brauche und dein tiefes Vertrauen in mich und meine Fahigkeiten ehrt mich sehr.
Von ganzem Herzen mochte ich mich auBerdem bei meinen Eltern bedanken. Eure
bedingungslose Unterstltzung gibt mir Kraft und den nétigen Rickhalt bei der Verwirklichung

all meiner kleinen und groRBen Plane.

Mein groliter Dank gebiihrt allerdings meinem Mann Tim. Timmy, ich danke dir dafur, dass du
an mich glaubst und mir immer eine Stiitze bist, wenn es manchmal schwierig wird. Deine

unerschutterliche Verbundenheit gibt mir die Kraft Gber mich hinauszuwachsen.






ABSTRACT

Acquiring high mathematical competence throughout their academic careers is central to
students’ successful participation in modern society (OECD, 2023). However, countries such
as Germany are facing a worryingly strong decline in students’ mathematical competence, as
well as a widening achievement gap (OECD, 2023; Stanat et al., 2022). To address these
challenges, it has been suggested that the integration of computer-based math learning programs
into education could be a promising solution because such programs are cost-effective and
easily implementable. However, studies that investigated the effects of such learning programs
on students’ performance revealed heterogeneous result patterns (e.g., Byun & Joung, 2018;
Tokac et al., 2019), and overall outcomes have been more disappointing than promising
(Pellegrini et al., 2021). Nonetheless, it is probably not the programs themselves that lead to the
disappointing results but the way in which the effects are investigated; previous research usually
compared the program provision in an experimental group to a waitlist control group (e.g., see
Bai et al., 2012; Chang et al., 2015; Hung et al., 2014; Shin et al., 2012). Thereby, a factor that
could possibly explain the heterogeneous effects was largely not considered, namely, students’
actual practice behavior, even though there is evidence that regular and sustained practice is
essential for learning success (Gerbier & Toppino, 2015; Toppino & Gerbier, 2014) and even
though the process measures often stored within learning programs offer a huge potential to
economically and objectively measure students’ practice behavior (Azevedo, 2015).
According to the supply-use model (Helmke & Weinert, 1997; Seidel, 2014), two central
assumptions can be made. First, as the mere provision of a program does not automatically
mean that all students practice to the same degree, one could suggest that individual student
characteristics are associated with their practice behavior. Surprisingly, no research so far has
investigated this suggestion within the context of math learning programs. Second, varying
practice behavior may explain why some students achieve learning success with math learning
programs while others do not. In this sense, students could not only benefit regarding their
performance but also in terms of achievement-related constructs such as academic motivation
and emotions. Indeed, some studies provided first evidence that students’ process-measured
practice behavior (i.e., measured as the number of tasks completed or the amount of time spent
with the program; see Haleva et al., 2021; Hassler Hallstedt et al., 2018; B. R. J. Jansen et al.,
2013; Spitzer, 2022) is related to potential performance improvements. Still, very little is known

about how the provision of a math learning program and, in particular, how students’ practice



behavior relates to students’ academic motivation and emotions (see Dondio et al., 2023; Fadda
etal., 2022; B. R. J. Jansen et al., 2013).

To narrow these gaps in the research, the aim of this dissertation with its focus on
students’ practice behavior was twofold. A supply-use model was adapted to the context of
math learning programs in order to investigate (1) links between students’ individual
characteristics (i.e., prior math knowledge, personality, affective-motivational preconditions,
and family background) and their practice behavior, and (2) students’ practice behavior and its
relation to performance, academic motivation, and emotions (i.e., math self-concept and math
anxiety). To address these research questions, three empirical studies and two additional
replication analyses were conducted with the adaptive arithmetic learning program Math
Garden (Klinkenberg et al., 2011; Straatemeier, 2014; German: Prowise Learn). The studies
were based on two implementation periods, varying between 22 and 45 weeks, in which the
program was provided to fifth-grade students. Regarding students’ practice behavior, all studies
took advantage of the objective process measures stored within Math Garden during students’
practice. Thus, practice behavior was primarily operationalized by the number of tasks
completed by the students.

Addressing the first research question, Study 1 investigated whether individual student
characteristics, namely, prior math knowledge, conscientiousness, math self-concept, math
anxiety, socioeconomic status, and a migration background predicted students’ practice
behavior (i.e., the number of tasks completed) with Math Garden over 22 weeks. Based on
longitudinal data from 203 students in the first implementation period, multilevel analyses were
conducted, as the completed tasks (measured weekly) were clustered within students. To ensure
the robustness of the results, Study 1 was replicated with a different sample comprising 890
students who practiced with Math Garden for 45 weeks, that is, in the second implementation
period.

Addressing the second research question, Study 2 focused on the effects of Math Garden
regarding students’ learning outcomes in terms of their addition and subtraction performance,
their math self-concept, and their math anxiety over the period of 22 weeks. The study included
376 students from the first implementation period, who belonged either to the experimental
group who practiced with Math Garden or to a waitlist control group. Regression analyses were
used to examine the effects of the program provision and students’ practice behavior (i.e., the
number of tasks completed/number of weeks practiced) on the learning outcomes investigated.

Study 2 was also replicated with students from the second implementation period. This sample



included 1,093 students, whereby 890 students in the experimental group practiced with Math
Garden.

Study 3 connected the assumptions investigated in Study 1 and Study 2 and, thus,
contributed to both research questions of this dissertation. Based on the longitudinal data of the
890 students in the second implementation period, Study 3 investigated whether math anxious
students avoided practicing with Math Garden (i.e., completed fewer tasks) and, in turn,
whether this inhibited them in improving their math performance. Mediation analyses were
conducted.

Regarding the relationship between students’ individual characteristics and their practice
behavior (Research Question 1), two patterns of findings emerged. Both math anxious students
and students with a migration background practiced less with Math Garden; however, it
remained unclear which factor had more predictive power (Study 1, the replication of Study 1,
and Study 3). For all other student characteristics (prior math knowledge, conscientiousness,
math self-concept, and socioeconomic status), no statistically significant relationship was
found.

With respect to the second research question, that is, the effects on students’ learning
outcomes, the results did not find any effects of the mere program provision on students’
performance. However, analyses regarding the experimental group revealed a significant link
between students’ practice behavior and their performance improvement (i.e., the number of
completed tasks; Study 2, the replication of Study 2, and Study 3). A reverse pattern emerged
with regard to the effects on math self-concept. That is, the analyses showed that an increase in
students’ math self-concept was related to the program provision but, at the same time, appeared
to be independent of students’ actual practice (Study 2). However, the promising finding of the
effect of the program provision on math self-concept was not statistically robust across the two
implementation periods (replication of Study 2). Regarding math anxiety, no statistically
significant links were found.

This dissertation provides nuanced support for the assumption that practice behavior
might play an important role in students’ practice in a math learning program. It was able to
show that specific individual student characteristics were related to students’ practice behavior
and, in turn, that varying practice behavior had the potential to explain differences regarding
students’ performance improvement. However, the link between practice behavior and
academic motivation and emotions remains unclear at this point. Practitioners need to ensure
that students systematically and consistently practice with a math learning program if students

are to benefit from that program regarding their performance. Such support from practitioners



might be especially relevant for math anxious students and students with a migration

background.
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1 Introduction

1 Introduction

In recent times, the widespread digitalization in many areas of life, the presence of data that
influence personal decisions, and the need to tackle major societal challenges such as climate
change, national debt, population growth, and the spread of pandemic diseases have
fundamentally increased the relevance of being a mathematically competent individual (OECD,
2023). This is because all of these (critical) issues have a quantitative component to them. Thus,
mathematics is undeniably one of the most crucial competences that students acquire
throughout their academic career as it prepares them to act as thoughtful, engaged, and reflected
citizens in light of the above-mentioned 21st-century global challenges (Van Aalderen-Smeets
et al., 2019). Across the lifespan, students with high mathematical competence are more likely
to successfully complete their education and pursue a successful career (Bailey et al., 2014;
Barbieri et al., 2021; Duncan et al., 2007; OECD, 2019), whereas students with insufficiently
developed mathematical competence are more prone to school dropout, unemployment, and,
therefore, an increased likelihood of developing mental health disorders (Bynner & Parsons,
2006). Against this background, the poor results of the latest PISA study are very worrying,
especially for Germany (OECD, 2023). Overall, the average mathematical competence of
young people in many OECD countries has decreased compared to the previous assessment in
2018. However, the decline in Germany was above average, so the results are even below those
of the first PISA shock in 2000. Thus, Germany is currently facing a second PISA shock after
23 years. It must be said, however, that the observed phenomenon is not incidental; the deficits
have persisted over a longer period as students’ mathematical competence has consistently
decreased since 2012. In addition to the mathematical competence drop, a growing achievement
gap also challenges the German education system. This gap is particularly evident during the
transition from elementary to secondary school (Stanat et al., 2022). These two unfavorable
developments, that is, a general competence drop and a widening achievement gap, are alarming
and put teachers in schools under double pressure to provide high-quality instruction tailored
to a wide range of performance levels. Thus, there is a significant need for remedial action, for
instance, supporting teachers by giving them opportunities to provide more individualized
instruction and personalized learning (Brasiel et al., 2016).

In times of progressing digitalization, one possible way to confront this challenge might
be to integrate computer-based math learning programs into math instruction. Unlike complex
interventions, which are often costly and usually reach only few students, most math learning

programs are cost-effective and have the advantage that they can be easily implemented for a
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1 Introduction

broad range of recipients. In addition, many programs allow a task assignment according to the
learners’ skill level and thus offering opportunities for individulized learning.

Previous research has already shown that various types of math learning programs could
have the potential to positively affect students’ math achievement (e.g., Brasiel et al., 2016;
Byun & Joung, 2018; Higgins et al., 2019; Hillmayr et al., 2020; Ran et al., 2021; Sailer &
Homner, 2020; Tokac et al., 2019). However, meta-analyses have also pointed out the high
heterogeneity regarding the effectiveness of such interventions, as many empirical studies
revealed null effects. Thus, even though the use of technology in education was expected to
revolutionize students’ learning, the overall results obtained up until now seem to be more
disappointing than promising (Pellegrini et al.,, 2021). One problem with traditional
experimental approaches to investigating the effects of math learning programs on students’
performance is that researchers mostly only focus on comparing the program provision in an
experimental group with a waitlist control group (e.g., Bai et al., 2012; Chang et al., 2015; Shin
et al., 2012). When they do not find any effects, they consequently conclude that math learning
programs might not be suitable tools to support students in fostering their math skills (Pellegrini
et al., 2021). However, this approach lacks the depth needed to fully understand the underlying
mechanisms that potentially make such programs effective and it does not offer testable
explanations for nonexistent effects.

One possible starting point here would be to give greater consideration to the complexity
of individuals’ interaction with the program. Hereby, students’ varying practice behavior might
play a central role, as there is already some empirical evidence that positive program effects are
related to students’ usage intensity (Cheung & Slavin, 2013; Ozel et al., 2008). Hence, just
offering a math learning program to students might not be sufficient to support them; it is
important that students practice with such learning programs regularly over a longer period in
order for them to achieve learning success. Even though this general assumption on successful
learning has also been made in the field of cognitive psychology (Gerbier & Toppino, 2015;
Toppino & Gerbier, 2014), empirical studies investigating the effects of math learning programs
on students’ performance have, so far, mostly neglected their actual practice behavior (e.g., see
Bai et al., 2012; Brezovszky et al., 2019; Chang et al., 2015; Huang et al., 2014; Hung et al.,
2014; Shin et al., 2012).

Two central assumptions emerge from this, which indicate new valuable directions that
can be taken when investigating the potential of math learning programs. Firstly, the question
arises as to which factors are associated with students’ practice behavior, as the mere provision

of a program does not automatically mean that all students practice to an equal degree.
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1 Introduction

Accordingly, an investigation of whether individual student characteristics, such as cognitive,
affective-motivational, or family-related preconditions, are associated with their practice
behavior could provide important information. However, no research yet has investigated this
association within the context of a math learning program.

Secondly, varying practice behavior might explain why some students benefit from math
learning program interventions, whereas others do not. Due to their design, most studies that
examine math learning programs have researchers or teachers monitor students’ practice to
ensure that the students practice a designated number of tasks or for a designated time period
(see Brezovszky et al., 2019; Huang et al., 2014; Rodrigo, 2011; Shin et al., 2012; Van den
Heuvel-Panhuizen et al., 2013). However, students’ level of practice could still vary and,
furthermore, this approach can only provide limited information about how students would
interact with the program when they are unsupervised, not only in school but also, for instance,
at home. Very few studies have provided students with a math learning program in an
ecologically valid setting and considered their practice behavior in terms of process measures
(i.e., the number of tasks completed or the time spent with the program). They all provided first
empirical evidence that students’ performance increased the more they practiced with a program
(Haleva et al., 2021; Hassler Hallstedt et al., 2018; B. R. J. Jansen et al., 2013; Spitzer, 2022).
At this point, it is important to think about how students can further benefit from learning
programs, apart from in their performance. In accordance with a long tradition in psychological
research, constructs closely related to performance such as academic motivation and emotions
might be particularly relevant in the present context (e.g., Eccles et al., 1983; Eccles & Wigfield,
2020; Pekrun, 1988; Pekrun, 2006). However, only very little is known about how math
learning programs, and especially students’ practice behavior with them, are related to students’
academic motivation and emotion (Dondio et al., 2023; Fadda et al., 2022; B. R. J. Jansen et
al., 2013).

In line with these research desiderata, a supply-use model adapted to the context of math
learning programs provided the heuristic framework for this dissertation (Helmke & Weinert,
1997; Seidel, 2014; see Figure 1.1). The model strongly supports (1) the assumption that there
are links between students’ individual characteristics (e.g., prior math knowledge, personality,
affective-motivational preconditions, and family background) and their practice behavior with
a learning program, and (2) the assumption that students’ practice behavior is related to their
performance, academic motivation, and emotions (e.g., math self-concept and math anxiety).
Thus, interindividual student differences might explain diverging practice behavior, which

could result in favorable or unfavorable learning outcomes.
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Figure 1.1

Heuristic Framework Displaying the Central Variables of the Dissertation: Students’
Individual Characteristics, Their Practice Behavior With a Math Learning Program, and

Potential Learning Outcomes
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Note. The framework is based on a supply-use model adapted to the context of math learning
programs (Helmke & Weinert, 1997; Seidel, 2014; also see Section 2.1). Dotted lines represent

theoretical assumptions; continuous lines refer to relationships investigated in this dissertation.

To investigate the two theoretical assumptions presented, three empirical studies and two
additional replication analyses were conducted. Regarding their methodological design, two
relevant approaches can be emphasized. First, all investigations followed a longitudinal pretest-
posttest design, in which students practiced with the arithmetic learning program Math Garden
(Klinkenberg et al., 2011; Straatemeier, 2014; German: Prowise Learn). Hereby, the practice
periods varied between 22 and 45 weeks. This made it possible to examine how specific student
characteristics predicted students’ practice over a substantial amount of time and, furthermore,
how practice behavior contributed to students’ learning outcomes. Second, in all investigations,
process measures that were recorded during students’ practice were used as indicators of

students’ practice behavior. This approach is underrepresented in current research (Azevedo,
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2015), but it provides valuable and objective ways to investigate students’ engagement with
math learning programs.

Chapter 2 describes the important theoretical and empirical assumptions on which this
dissertation is based. First, Section 2.1 presents the adapted supply-use model and its
components, on which the heuristic framework of this dissertation is based. In Section 2.2,
different learning program definitions are presented according to their functionality in order to
categorize the Math Garden program. Next, Section 2.3 demonstrates the need to operationalize
students’ engagement (i.e. practice behavior) with objective process measures and suggests how
math learning programs can possibly satisfy this need. Sections 2.4 and 2.5 give a more detailed
overview of the determinants and effects of students’ practice behavior with math learning
programs, which are the focus of this dissertation. Closing Chapter 2, Section 2.6 derives the
main research questions. Subsequently, three empirical studies as well as two additional
replication analyses are presented in Chapters 3 to Chapter 7. Finally, all findings are juxtaposed

and discussed in Chapter 8.
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2 Theoretical and Empirical Background

When considering how math learning programs can support students’ learning, the media
debate established by Clark (1994) and Kozma (1994) already suggested that it is not merely
the digital tool that has an effect on students’ performance but, rather, that a large number of
contextual factors, for instance, the instructional design features of the digital math learning
program, are associated with the effect. Based on these considerations, a research field emerged
that specifically examines the effectiveness of differently functioning tools (see Section 2.2.2
for a further description). Indeed, meta-analytic results have shown that adaptivity and feedback
are two central promising characteristics of math learning programs and are important factors
when considering their effect on students’ performance (Hillmayr et al., 2020). The main
conclusion drawn from this rather program-centered view is that tasks within math learning
programs need to adapt to learners’ individual skill level to effectively foster their performance
and that learners benefit from receiving at least corrective feedback (Hillmayr et al., 2020).

In contrast to this view, the aspect of how the complex individual interacts with the math
learning program could be considered as a contextual factor and, thus, a more person-centered
approach could be taken. The central assumption of this approach would be that students have
different person-related preconditions, such as their prior math knowledge or their motivation
regarding math. These varying preconditions might lead to different practice behavior with the
program, which, in turn, would result in different effects on learning outcomes (Seidel, 2014).
Whereas the program-centered perspective has gained increasing attention in recent years, this
more person-centered view is rather underrepresented in current research on math learning
programs. To gain new insights regarding this approach, a supply-use model, adapted to the
context of math learning programs (see Figure 2.1) offers a sound theoretical basis, as it displays
the suggested interplay between student-related determinants of practice behavior and the

consequences of that practice behavior (Seidel, 2014).

2.1 Student Characteristics, Their Practice Behavior, and Their Learning Outcomes

The supply-use model (Helmke & Weinert, 1997; Seidel, 2014) was originally developed to
describe the complex conditions of students’ learning in the classroom. It is divided into three
connected levels: supply, students’ use, and their learning outcomes, and thus represents the
idea that the interplay of academic supply characteristics, students’ individual characteristics,
and their individual learning activities plays a crucial role in the effectiveness for students’
cognitive and affective-motivational learning outcomes (Helmke & Weinert, 1997; Seidel,
2014; see also Briihwiler & Blatchford, 2011; Reinhold et al., 2024).
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2 Theoretical and Empirical Background

Figure 2.1
Adapted Supply-Use Model of the Relationship Between the Provision of a Math Learning
Program, Students’ Characteristics, Their Learning Activity, and Their Learning Outcomes
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A math learning program can be perceived as one form of a supply. This supply structure
includes specific characteristics, such as the beneficial characteristics of adaptivity and
feedback, which are emphasized in the program-centered approach (Hillmayr et al., 2020).
These characteristics then cause processes; adaptivity leads to tasks that are adapted to the
learner’s skill level, while feedback and its associated rewards make students feel valued for
their practice. Thus, the provision of a program could indeed be assumed to form a direct
association between the processes of the learning program and students’ learning outcomes (See
Figure 2.1). But, even though all students are provided with the same math learning program,
the model suggests that they might still differ regarding their use of it (i.e., in their practice
behavior). A relevant factor that affects practice behavior encompasses students’ individual
characteristics. This includes, for instance, their prior knowledge, personality, their affective-
motivational preconditions, and their family background. Finally, due to their diverging
practice behavior, the model further assumes that this also leads to differences in students’
learning outcomes, primarily in their performance but also in their academic motivation and
emotions.
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In the following three sections, the single levels of the supply-use model in the context of
math learning programs are described in more detail. First, the following section displays how
different math learning programs can be categorized on the basis of two approaches. Hereby, a
special focus is placed on describing the Math Garden program (Klinkenberg et al., 2011;
Straatemeier, 2014), which was offered to students for the purpose of investigating the research

questions of this dissertation.

2.2 Math Learning Programs as a Supply Structure

A wide variety of digital math learning programs have been developed in different countries to
support students in acquiring and developing mathematical competence. However, many of
them differ in their aims and scope, as well as their conceptual functioning, which is why
findings from one specific program cannot be generalized to all math learning programs. It is
therefore important to categorize them in order to differentiate between the effects of different
programs. Hereby, at least two approaches, which are not mutually exclusive, can be presented
to create a common basis.

2.2.1 Categorizing Math Learning Programs According to Their Aims and Scopes
Within the first approach, math learning programs can be categorized according to their varying
aims and scope. Some programs are more curriculum-oriented, whereas other programs are
more skill-oriented. Curriculum-oriented programs can be used as a complement to traditional
math instruction to support students in acquiring new competences. For instance, the program
Bettermarks! from Germany was designed for secondary school students with the aim of
providing a wide range of learning material from the regular German curriculum for Grades 4
to 11. Itis structured in a similar way to a textbook; the program is divided into different topics
that cover the components of the curriculum, whereby each topic contains several sections that
build on each other. Within each section, teachers can choose between problem sets and assign
them to their students. Similar mechanisms apply, for example, to the program CLEARMath?
(Carnegie Learning) from the United States. In contrast, skill-oriented learning programs focus
on supporting students in strengthening specific skills that they have already learned. For
instance, the Finnish program Semideus® was developed to support students in fraction
processing and numerical development, whereas the Dutch program Math Garden* aims to

foster students’ quick mental arithmetic skills, as well as their numerical reasoning. Thus, Math

! https://de.bettermarks.com/
2 https://www.carnegielearning.com/solutions/math/
3 https://seriousgamessociety.org/2016/09/22/semideus-a-game-for-mastering-rational-numbers/
4 https://www.prowise.com/de/product/prowise-learn/
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Garden is well suited for students in elementary school and at the beginning of secondary
school. Different domains are implemented within the program, for instance, addition,
subtraction, multiplication, and division, but also domains where students need to complete a
given number series, or games in which numbers must be combined to obtain a desired target
number. Students have the opportunity to choose between these different domains within their
own garden, which then results in a session, and every session consists of 10 tasks that have to
be solved. In line with its name, Math Garden includes special visual elements, which means
that after completing one session, flowers and plants start to grow within the learner’s garden,
visually representing students’ ability to grow (See Figure 2.2). Such emotional design
elements, which aim to motivate students, are typical within skill-oriented programs. These
elements mean that such programs can be defined as serious educational games or, at least, as
having a game-based character (Kiili et al., 2014; Plass et al., 2015; Plass et al., 2020). This
applies to both Semideus and Math Garden.

Figure 2.2
Student Interface of Math Garden

>l '
&k /’éc..
Dividieren 4
Subtrahieren Score: 860 Einmaleins

. = Score: 747
Score: 934 Multiplizieren Zihlen 2

Score: 727 Wy
Addieren

Note. Addieren = additio,

ubtrahieren = subtraction, Multiplizieren = multiplication,

Dividieren = division, Zahlen = counting, Einmaleins = multiplication tables.

2.2.1.1 Digital Game-Based Learning

Digital game-based learning is about utilizing the qualities of common digital games for
educational purposes (Prensky, 2001) by integrating a mixture of learning and game
components (Beserra et al., 2014). Thus, when basic instructional tasks are redesigned, they
should become more interesting, meaningful, and, consequently, more effective for learning
(Plass et al., 2020). Features that turn a learning program into a more serious educational game
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are, for instance, the integration of visual aesthetic elements, a narrative design, for example,
including a scaffolding (human-like) pedagogical agent, and incentive structures, such as stars
and trophies (Plass et al., 2015). In other words, serious educational games aim to combine
entertainment with an educational intent (Bellotti et al., 2013), which is why they aim to
improve not only students’ performance but also their motivational and emotional states (Plass
et al., 2015). A growing digital game-based research field focuses on examining how specific
design elements can foster students’ performance and motivation (e.g., see Kiili et al., 2014).
For instance, Koskinen et al. (2022) showed that when emotional design was applied to
scaffolds, it was able to improve fifth-grade students’ interest and self-efficacy when practicing
fractions.

In line with the name of the society that created it (i.e., Serious Games Society), the
program Semideus refers to itself as a serious educational game. It follows a storyline, in which
the main character Semideus wants to climb Mount Olympus to find out his origins. By
successfully completing tasks, students receive rewards, which they can use to bring Semideus
closer to the top of Mount Olympus. Furthermore, Semideus also uses a pedagogical agent.
Math Garden, in contrast, does not fully fulfill the definition of a serious educational game, as
it does not follow a specific storyline during practice, and it does not include a pedagogical
agent. Instead, one goal for students can be to create a garden full of flowers and plants due to
sufficient practice in the different domains, which will cause the flowers and plants to display
their growing abilities (see Figure 2.2). Nonetheless, the program includes an incentive system
based on coins that can be earned. Hereby, speed and accuracy during practice determine the
number of coins earned, as the tasks must be solved within a time limit. After practice, the coins
can be exchanged for trophies within the program, such as cups or medals, which can then be
stored within the learner’s own digital trophy shelf.

Due to its aim and scope, the Math Garden program can be categorized as being a skill-
oriented program with a game-based character. However, this categorization neglects to include
certain other program features, such as the fact that some programs like Math Garden also work
adaptively, whereas other programs do not. Thus, a second categorization approach is needed,
which focuses on the program’s complexity.

2.2.2 Categorizing Math Learning Programs According to Program Complexity

According to the classification framework proposed by Nattland and Kerres (2009), digital
learning tools can be further categorized into five commonly used types with different levels of
complexity. From less complex to most complex, the authors differentiate between drill and

practice programs, tutoring systems, intelligent tutoring systems, hypermedia systems, and
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simulations. Drill and practice programs aim to strengthen previously acquired content
knowledge by allowing learners to practice at their own pace and repeat exercises as needed. In
contrast, tutoring systems provide new knowledge in small units and additionally provide
learners with opportunities to practice and repeat the newly acquired knowledge. Both types of
programs offer immediate feedback on the correctness of the learner’s solutions (Hattie &
Timperley, 2007). Regarding an increasing level of complexity, intelligent tutoring systems
include “adaptive features”, which can be implemented on a macro or a micro level. For the
macro level, this means that persistent characteristics of the learner (e.g., preferences for
pictures or colors) are assessed in advance and used for (design) decisions within the program.
Adaptivity on a micro level, however, refers to the learner’s prior knowledge, allowing
personalized adjustments to task difficulty and the pace of presenting the content. These
systems also provide differentiated feedback or hints on how to optimize the learning process
(Nattland & Kerres, 2009). Hypermedia systems, functioning as nonlinear hypertext systems,
do not follow a structured teaching approach. Instead, they serve as encyclopedias within
educational settings, offering information connected through hyperlinks. As the most complex
type of digital learning tool, simulations aim to represent real-world situations that can be
altered by manipulating various parameters. Simulations are valuable for applying or expanding
knowledge through explorative learning, for instance, in virtual laboratories.

With regard to the digital tools described, it is plausible to assume that programs that vary
in their complexity also vary in their effectiveness on student performance. Moreno and Mayer
(2007) suggested that interactivity might be the central variable that explains this mechanism.
That is, a program is most effective if it interactively responds, for instance, to students’ ability
level by providing appropriate tasks and also gives immediate feedback on students’ solutions,
which should help them to reflect on their answers and potentially reconsider inefficient
solution strategies. Based on this idea, a research field emerged that investigates instructional
design features within digital tools and their effects on students’ performance. Within this field,
the most prominent feature is certainly feedback. Two meta-analyses conducted by Van der
Kleij et al. (2015) and Mertens et al. (2022) investigated the relationship between different
methods of providing feedback in computer-based learning environments and students’
performance. They differentiated between feedback that indicated whether a response was
correct or incorrect (i.e. knowledge of results), feedback that additionally provided the correct
answer (i.e., knowledge of correct response), and feedback that provided an explanation as to
why the answer was correct or incorrect (i.e., elaborated feedback). Both studies reported

positive effects across all types of feedback; however, elaborated feedback showed the largest

23



2 Theoretical and Empirical Background

effect sizes, whereas feedback that provided the correct answer yielded larger effect sizes than
feedback that only indicated the correctness of the answer. Due to these findings, researchers
have suggested that intelligent tutoring systems—which provide elaborated feedback—might
have a larger impact on students’ math performance (W. Ma et al., 2014) than drill and practice
programs that mostly only provide the correct answer or indicate the correctness of an answer
(Bayraktar, 2001). These assumptions were confirmed by a meta-analysis conducted by
Hillmayr et al. (2020). In that meta-analysis, the authors also pointed out that an adaptive
function is positively linked to students’ performance (Hillmayr et al., 2020).

In general, most curriculum-oriented math learning programs are (intelligent) tutoring
systems, whereas skill-oriented programs are mostly drill and practice programs. Regarding the
programs mentioned above, Bettermarks and CLEARMath both offer feedback to the learner,
they work adaptively at least on a micro level, they aim to provide students with new knowledge
from their curriculum, and they also offer opportunities to strengthen and repeat content already
learned; they can thus be categorized as intelligent tutoring systems. With regard to Semideus
and Math Garden, however, the boundaries between these categories become blurred. For
instance, the Math Garden program aims to strengthen quick mental arithmetic and gives direct
corrective feedback after each task (see Figure 2.3), which is why it could be categorized as a
drill and practice program. However, Math Garden also works adaptively, which means that it
includes features of an intelligent tutoring system. The same applies to Semideus. Thus, both
programs can be described as intelligent drill and practice programs. Nonetheless, the programs
vary strongly in terms of how complex adaptivity is implemented. In Semideus, adaptivity
means that the order of superordinate levels can be adjusted by the practitioners if the students
have problems solving the levels in the originally specified order. In contrast, Math Garden’s
adaptivity is much more complex as it functions on the item level. This means that an underlying

mechanism provides students with tasks that are adapted to their skill level.
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Figure 2.3
Example of Corrective Feedback After Solving a Task

2.2.2.1 Math Garden’s Adaptive Algorithm

In order to implement adaptive practice within Math Garden, the technique of computerized
adaptive testing (CAT) was used (Van der Linden & Glas, 2000; Wainer et al., 2000), which is
based on the item response theory (Lord & Novick, 1968). This theory involves statistical
models that link responses to an item to the latent ability of a person (Lord & Novick, 1968).
Hence, the idea is that CAT can dynamically determine a person’s ability level and
consequently adjust the item difficulty based on that person’s previous responses. Although
CAT was originally designed for measurement only, the goal of the Math Garden program was
to combine CAT measurement approaches within a practical tool in order to foster students’
arithmetic skills (Straatemeier, 2014). One challenge within CAT is that the difficulty of an
individual item must be known in advance; this requires pretests, which require resources and
this, in turn, means that CAT is not often used in the everyday school context. In contrast, Math
Garden’s algorithm uses the Elo rating system (Elo, 2008), which eliminates the need for
elaborate pretests. In this algorithm, learners and items act as opponents, and solving an item is
considered a match. Both learners and items have their own expected ratings, which reflect their
abilities. When a student correctly solves an item, he or she wins the match, gaining points on
the rating scale while the item loses points. This increases the student’s expected skill level and
reduces the item’s difficulty level. The CAT system used by Math Garden can therefore
autonomously determine item difficulty and predict the learner’s skill level after the learner has

solved approximately 10 to 15 items per domain, resulting in a dynamic performance score.
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The algorithm aims for each student to have a 75% probability of solving tasks at their
individual skill level per domain as a default setting. However, this probability can be manually
adjusted (easy = 90%, difficult = 60%).

Math Garden is web-based; this comes with two additional advantages as all user
responses are recorded and stored. Firstly, this improves Math Garden’s adaptive algorithm, as
the prediction of an item’s difficulty is more precise the more users have answered that item
(i.e., item—learner matches). Secondly, a huge number of learner-related process measures are
generated. Math Garden therefore offers math teachers a valuable diagnostic tool: On the one
hand, the program generates performance scores based on the difficulty of the tasks that the
students completed correctly. On the other hand, Math Garden stores the number of tasks
completed, which is an indicator of how much students have engaged with the program. Both
types of measures are displayed for teachers on a digital dashboard within their own account.
The students’ performance scores can be compared based on various characteristics (e.g., age
or grade level) with a reference group (all other students with the same characteristic). This
enables the classification of both above-average and below-average performance and, if
necessary, the initiation of interventions (Straatemeier, 2014). Furthermore, teachers can
monitor how many tasks their students complete within each domain and see which specific
tasks students prefer to practice. Thus, if, for example, a student only practices the domain of
addition, the teacher can also temporarily block this domain and assign domains to the student’s
garden that he or she thinks the student needs to practice more (e.g., subtraction).

The process measures generated (i.e., performance scores, completed tasks) within Math
Garden are not only beneficial for teachers; they also offer a valuable data source for
researchers. In line with the underlying model of this dissertation, the stored number of tasks
completed within a math learning program can be understood as students’ learning activity.
This measurement approach is unique within the field of educational psychology, as most
research conducted in the last decades assessed students’ learning activity with self-reports
(e.g., see Hasty et al., 2021; Louw et al., 2008; Muenks et al., 2017; Skinner et al., 2009).
However, self-reports are potentially biased (Donaldson & Grant-Vallone, 2002), which is why
a debate on the necessary revolution in how to assess students’ learning activity was held by
scientists from the engagement research tradition (see Azevedo, 2015). Contributing to that
debate, the following section displays students’ learning activity from an engagement
framework perspective and highlights how process measures stored while students practice with
math learning programs can offer valuable new perspectives on how to assess their behavioral

engagement.
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2.3 Rethinking Students’ Engagement and Process Measures

Students’ engagement has been described as “the holy grail of learning” (Sinatra et al., 2015,
p. 1) as it is the thing that makes learning effective. It has been characterized as “students’ active
participation in academic and curriculum- or school-related activities, and commitment to
educational goals and learning” (Christenson et al., 2012, p. 816). Thus, it represents the visible
expression of students’ motivation (Skinner et al., 2009) and serves as a predictor of various
beneficial student outcomes, especially performance and students’ well-being (Wong et al.,
2023). However, due to its very broad definition, there has only been little consensus among
researchers regarding a uniform engagement framework (Azevedo, 2015; Wong & Liem,
2022). Nonetheless, in several studies published at the beginning of the 2000s (e.g., Appleton
et al., 2006; Fredricks et al., 2004; Furlong et al., 2003), researchers agreed that students’
engagement is a meta-construct consisting of at least three dimensions, namely, affective,
behavioral, and cognitive engagement (Wong & Liem, 2022).

However, not all three dimensions might have the same importance. Regarding students’
performance, meta-analyses revealed the strongest relationship for the behavioral engagement
component, ranging between .35 and .39 (Lei et al., 2018; Wong et al., 2023). As behavioral
engagement has been defined as “the extent to which students intentionally exert effort during
learning activities” (Wong & Liem, 2022, p. 123), it could therefore be argued that displaying
high levels of behavioral engagement is most important for students’ learning success.
Although the finding that the behavioral component of students’ engagement is most closely
related to students’ performance is very valuable, the fact that the measurement of students’
behavioral engagement is usually based on self-reports within the engagement research
tradition might be problematic (Azevedo, 2015). Using self-reports means, for example, asking
students how much time they have spent, on average, per week working on the subject of math
(e.g., Hasty etal., 2021; Louw et al., 2008). The problem hereby is that self-reports are grounded
in students’ perception of how they behaved within certain processes and these perceptions
might not align with what actually occurs during learning (Azevedo, 2015; Zimmerman, 2008).
For instance, students could overestimate their learning time due to social desirability because
they might know that math is important (Birtwistle et al., 2022; Donaldson & Grant-Vallone,
2002). Conversely, students might also underestimate their learning time. By doing so, they
would avoid attributing possible failure to their own abilities, instead attributing it to too little
engagement, which would be self-serving (Birtwistle et al., 2022; Donaldson & Grant-Vallone,
2002). Thus, such traditional self-report approaches might hinder the understanding of students’

actual engagement processes. To complete the picture of the importance of behavioral
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engagement by minimizing the bias, Podsakoff et al. (2012) recommended using additional data
sources.

To meet this need for the unbiased measurement of the behavioral engagement
component within the context of math learning programs, the integration of objective process
measures could be a possible starting point. For instance, researchers could use students’
practice behavior in terms of the number of tasks completed or the amount of time spent on a
math learning program. As learning programs can easily assess such background measures, one
would certainly expect learning program researchers to already have made extensive use of this
function; this could also be expected because there should be little doubt that behavioral
engagement is a highly relevant factor that needs to be considered when examining the effect
mechanisms of math learning programs.

However, learning program researchers have mostly not yet included objective measures
of students’ practice behavior (cf. Haleva et al., 2021; Hassler Hallstedt et al., 2018; Spitzer,
2022). This is surprising given the untapped scientific potential of digital learning programs.
Considering objectively measured practice behavior could significantly contribute to (1) the
ongoing debate on how to improve the assessment of students’ behavioral engagement, and (2)
improving the quality of studies within the field of math learning programs.

Hereby, two relevant questions arise. The first one concerns the factors that are related to
students’ practice behavior, as the mere provision of a program does not guarantee equally high
practice levels among all students. Thus, specific groups of students might practice less and,
consequently, might not get the chance to benefit from a math learning program
implementation, which is why they might need additional support. A few studies from the
context of homework research offered promising insights regarding this assumption, for
instance, by showing that students with a higher math self-concept reported an increased
willingness to invest effort when doing math homework (Trautwein & Lidtke, 2007, see
Section 2.4 for further examples). But, again, effort (i.e., students’ learning activity) was
measured with self-reports in the study of Trautwein and Lidtke (2007). Notably, no previous
research has explored the link between students’ characteristics and students’ objectively
measured practice behavior within the context of a math learning program.

With regard to the idea that students with specific characteristics might differ regarding
their levels of practice, one could further assume that varying practice behavior in turn
contributes to varying learning outcomes. Up to now, only very few studies have investigated
this question in the context of performance (Haleva et al., 2021; Hassler Hallstedt et al., 2018;

Spitzer, 2022) and even fewer investigations have investigated it in the context of students’
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affective-motivational outcomes (B. R. J. Jansen et al., 2013). Both approaches, that is,
examining the potential determinants and the possible consequences of students’ practice
behavior, as well as their potential contribution to the field of math learning program

investigations are explored in more detail in the next two sections.

2.4 The Role of Students’ Characteristics in Their Practice Behavior

Coming from a general theoretical perspective that aims to derive the characteristics and
student-related preconditions that might influence students’ practice behavior with a math
learning program, the above-mentioned adapted supply-use model clearly suggests that various
cognitive, personality-related, motivational, affective, and family background-related variables
are associated with students’ individual learning activity (Helmke & Weinert, 1997; Seidel,
2014). Nonetheless, this model only provides a broad view and does not offer theoretical
explanations of the expected direction of effects. For example, the model suggests that students’
motivational preconditions are related to their practice behavior, but one can hardly argue that
highly motivated students would display higher levels of practice. Thus, in order to determine
why specific individual student characteristics might explain potentially diverging practice
behavior with a learning program, further theoretical assumptions are needed. As discussed
above, practice behavior represents one facet of behavioral engagement. Behavioral
engagement is grounded within various prominent psychological theories that outline
associations with different student characteristics (e.g., Eccles, 2007; Eccles & Wigfield, 2020;
Eysenck et al., 2007; Sweller et al., 1998; Tett et al., 2021).

On the basis of these theories, the following sections discuss how prior knowledge,
conscientiousness as a personality trait, math self-concept and math anxiety as aspects of
academic motivation and emotion, and family background variables such as socioeconomic
background (SES) or a migration background are related to students’ behavioral engagement,

that is, students’ practice behavior with a math learning program.

2.4.1 Prior Knowledge

Prior knowledge has long been considered the most important factor that influences student
learning and achievement due to the important role it plays when students acquire new
knowledge (Tobias, 1994; Reinhold et al., 2024). The cognitive load theory states that, during
the process of acquiring new knowledge, relevant information is processed in the working
memory, but the working memory has limited capacity (Sweller et al., 1998). A central task

during knowledge acquirement (i.e., the learning process) is therefore to keep the load on the
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working memory as low as possible. Thus, certain instructional design-related, but also person-
related, characteristics promote or hinder successful learning (Kirschner et al., 2011; Paas et
al., 1994). For instance, students with higher prior knowledge have more working memory
capacity available to process a learning task. Prior knowledge therefore has the potential to
decrease students’ cognitive load; this can be assumed to lead to higher task engagement during
the learning process (Paas et al., 2003). Empirical evidence supports this assumption by
showing that students’ prior knowledge was positively related to their behavioral engagement
when proceeding with a learning task (Dong et al., 2020; Mihalca et al., 2011; Myhill &
Brackley, 2004). Regarding students’ prior math knowledge, similar mechanisms might emerge

when students practice with math learning programs.

2.4.2 Personality

With regard to different personality traits and engagement, the trait activation theory considers
personality traits to have the latent potential to cause individuals to engage in specific situations
and behave in certain ways in those situations (Tett et al., 2021), that is, an individual expresses
their traits when exposed to situational cues related to those traits. The trait activation theory
was originally developed to investigate employees’ job performance, but it can also be
transferred to the educational context (see Meyer et al., 2023).

Within education, conscientiousness has been found to be the most important personality
trait, as it comes with various characteristics that favor students’ individual learning processes
(Mammadov, 2022; Poropat, 2009; Vedel, 2014). Conscientious students can be described as
being organized, ambitious, self-disciplined, perseverant, and achievement-oriented (Costa &
McCrae, 1992; Dumfart & Neubauer, 2016); these characteristics are positively related to
engagement and achievement-related behavior (Heaven et al., 2007). Thus, in terms of the trait
activation theory, conscientious students regard a specific learning situation as a cue to act in
the manner described above (i.e., in an organized, ambitious, etc., manner), which consequently
leads to high task engagement (Tett et al., 2021). Studies conducted to investigate the
relationship between conscientiousness and students’ engagement were able to support the
theoretically assumed relationship, for instance, by showing that conscientious students spent
more time learning tasks (Poropat, 2014), had higher self-reported work engagement (Sulea et
al., 2015), and invested more academic effort (Trautwein et al., 2009). Such positive effects of
conscientious students could therefore also be expected in the context of practicing with math

learning programs.
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2.4.3 Academic Motivation

Motivation is a key construct in different areas of psychology and can broadly be characterized
as the energy behind individuals’ actions (T. Jansen et al., 2022). In the context of educational
psychology, researchers mostly focus on academic motivation, which is understood as “the
process whereby goal-directed academic activity is initiated and sustained” (Koenka, 2020, p.
3). Over the past four decades, diverse academic motivation constructs have been investigated,
for instance, self-efficacy, self-concept, intrinsic and extrinsic motivation, interest, task value,
and achievement-related goals (see T. Jansen et al., 2022). These constructs have their
foundations in several well-known psychological theories such as the situated expectancy-value
theory (Eccles & Wigfield, 2020). Regarding achievement activities, this theory clearly states
that beliefs about one’s expectancy of success as well as task values are closely linked to
achievement-related choices, engagement, and persistence (Eccles & Wigfield, 2020). The
theory also incorporates students’ motivational characteristics, such as math self-concept,
which represents the self-evaluation of one’s ability in the subject of math (Marsh & Martin,
2011). Notably, there is a consensus in the research community that expectancy of success is
empirically indistinguishable from domain-specific self-concepts (Eccles & Wigfield, 2002;
Wigfield & Eccles, 1992), which is why, according to the situated expectancy-value theory,
math self-concept can be seen as the empirical operationalization of success expectancies within
the subject of math (e.g., Trautwein et al., 2012; Nagengast et al., 2011). In other words,
students’ math self-concept is assumed to be directly related to achievement-related behavior.
This assumed link is supported by several empirical studies. Guo et al. (2015), Nagy et
al. (2007), and Meece et al. (1990) showed that students’ math self-concept is related to their
course enrollment intentions. In addition, Koller et al. (2000) as well as Trautwein and Ludtke
(2007) also showed that math self-concept is associated with students’ learning activity in the
subject of math and with their willingness to invest effort when doing homework. Thus,
students’ math self-concept might play a central role in students’ practice with a math learning

program.

2.4.4 Academic Emotions

There is widespread agreement that emotions are complex experiences that involve various
interrelated psychological processes that include affective, cognitive, physiological, and
motivational components (Kleinginna & Kleinginna, 1981; Scherer, 2000). Within the context
of educational psychology, academic emotions are defined as emotions that are tied to

achievement activities, such as studying or practicing (Pekrun & Stephens, 2010). Hereby, a
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prominent academic emotion is math anxiety, which is characterized as an unpleasant feeling
associated with numerical manipulations and math problem solving (Richardson & Suinn,
1972). Regarding its relationship with achievement activities, the attentional control theory
clearly suggests that math anxious students avoid math-related tasks (i.e., they show low levels
of engagement) due to unpleasant negative physiological and psychological reactions (Eysenck
etal., 2007). Empirical research has supported this theoretical assumption by showing that math
anxious students avoid choosing math-intensive courses (Hembree, 1990; LeFevre et al., 1992;
Ramirez et al., 2018). Furthermore, Quintero et al. (2022) provided evidence that math anxious
students display low behavioral engagement when it comes to math-related tasks in math
instruction. In light of this, one could assume that similar mechanisms might apply when math

anxious students practice with math learning programs.

2.4.5 Family Background

Researchers in sociology, economics, and psychology have extensively documented the link
between students’ family background, such as their SES or migration background, and students’
academic achievement (e.g., Hattie, 2023; Laosa, 1999; Teachman et al., 1997). They have
provided consistent empirical evidence that students growing up in families with more
financial, time, and intellectual resources are more likely to be successful in their educational
career (Eccles, 2007).

A theoretical framework provided by Eccles (2007) explains these mechanisms; Eccles
adapted the situated expectancy-value approach to the context of family-related characteristics
and processes. Regarding students’ learning activity, Eccles (2007) suggested that through the
interplay of parents’ beliefs and parents’ activity-specific behavior, family characteristics such
as students’ SES or a migration background are related to students’ achievement-related choices
and engagement. This means that, for instance, a higher SES makes parents more likely to seek,
identify, summarize, and evaluate information about their child’s education, which might lead
to specific beliefs that include assumptions about what their children need in order to succeed
in school. Such beliefs result in beneficial parental behavior (e.g., talking, modeling positive
interactions, providing support), which, in turn, enriches the child’s environment, subsequently
resulting in positive learning-related outcomes (Davis-Kean et al., 2019).

For both family background variables (i.e., SES and a migration background), there is
already empirical evidence linking them to students’ individual learning activity. Previous
studies showed that students with higher SES reported higher levels of behavioral engagement

compared to their peers with a lower SES (Fullarton, 2002; Tomaszewski et al., 2020). An

32



2 Theoretical and Empirical Background

extensive investigation by Chiu et al. (2012), including 41 different countries, showed that a
migration background was negatively linked to school engagement, as students with a migration
background often did not have the necessary resources at home and may have received less
support from their parents. Regarding students’ practice behavior with a math learning program,
students” SES as well as a migration background could therefore be expected to play an
important role.

To summarize, the theories mentioned within this section provide comprehensive and
detailed frameworks on the mechanisms that link various individual student characteristics (i.e.,
prior math knowledge, conscientiousness, math self-concept, math anxiety, SES, and migration
background) to students’ behavioral engagement, and these theoretical frameworks have been
supported by empirical evidence. Still, no study has yet investigated student characteristics in
the context of students engaging with supportive digital tools, for instance, a math learning
program, even though this context is becoming more and more relevant. Certain student
characteristics (e.g., conscientiousness) could be expected to favor students’ practice behavior,
whereas other characteristics, such as math anxiety, might hinder their practice. Thus, based on
the supply-use model (Helmke & Weinert, 1997; Seidel, 2014; see Figure 2.1), as well as the
theoretical considerations and empirical evidence discussed above, this dissertation focuses on
students’ prior math knowledge, conscientiousness, math self-concept, math anxiety, SES, and
migration background as potential determinants of students’ practice behavior within a math
learning program. The results of such this approach could inform researchers and, more
importantly, practitioners about which students might be at risk and, therefore, need more initial
support and encouragement in terms of practicing. This leads to the question of how practice

behavior contributes to students’ learning outcomes, which is presented in the next section.

2.5 Effects of Practice Behavior on Students’ Learning Outcomes

Regarding students’ learning outcomes, studies investigating the effects of math learning
programs have, so far, mostly focused on performance (Hattie, 2023). That certainly makes
sense; however, students might also benefit regarding their emotional and motivational
outcomes, which are often closely related to their math performance (Marsh & Martin, 2011,
Ashcraft & Krause, 2007). Thus, even if a program does not increase performance in the short
term, it can still be effective in the long term by improving students’ motivation or by reducing
negative academic emotions. There is thus a need for a broader and more in-depth investigation
of the effects of learning programs; this was recently stated in the meta-analysis of Dondio et
al. (2023), which is why Vanbecelaere et al. (2023) introduced a comprehensive framework for
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assessing the effects of learning programs. At the core of this framework, the authors distinguish
between cognitive and noncognitive outcomes, thus encouraging researchers to consider a
wider range of students’ learning outcomes within their investigations.

Many previous studies only provided students with a math learning program and then
evaluated whether such an intervention made a difference in the performance of this group
compared to a control group (e.g., see Bai et al., 2012; Brezovszky et al., 2019; Chang et al.,
2015; Huang et al., 2014; Hung et al., 2014; Shin et al., 2012). However, this approach does
not consider students’ actual engagement with the program, although the supply-use model
strongly suggests that practice behavior might be one of the most decisive factors in whether or
not an implementation is successful (Helmke & Weinert, 1997; Seidel, 2014). Thus, there is a
pressing need to take practice behavior into account when evaluating learning program
implementations.

In sum, two central research desiderata can be derived. First, in addition to investigating
the effects of learning programs on students’ performance, researchers should also consider the
effects on students’ academic motivation and emotions. Second, when investigating a broader
range of outcomes, it is important not only to test the provision of the program but also to
include students’ actual practice behavior.

To narrow the gap within research on math learning programs, this dissertation therefore
focuses on a broad approach to investigate students’ learning outcomes. Previous research
paradigms of the effect of math learning programs on students’ learning outcomes, that is, on
performance, academic motivation, and academic emotions, are presented in the following three
sections and, additionally, the important role that students’ practice behavior might play is

outlined.

2.5.1 Performance

Students’ performance improvement is certainly the key learning outcome when it comes to the
potential effects of math learning programs. The cognitive theory of multimedia learning,
proposed by Mayer (2014), explains why math learning programs such as Math Garden can
foster students’ academic performance. According to the author, active engagement with
learning content is crucial for comprehending new content. During such engagement,
interactivity plays a key role in successful learning, which means that the program should
repeatedly respond to the learners’ actions (Moreno & Mayer, 2007). In line with this, programs

such as Math Garden interact by adapting task difficulty according to students’ performance
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levels, and they also offer immediate feedback (see also Section 2.2.2). This facilitates direct
reflection and may lead to reconsideration of inefficient calculation strategies.

To investigate the effects of learning programs on students’ performance, at least two
different research paradigms have emerged. The first is the common gold standard approach,
which researchers traditionally use to evaluate their interventions. In this approach, an
intervention, such as providing a math learning program in an experimental group, is tested in
comparison to a control group (see Hariton & Locascio, 2018; Webber & Prouse, 2018). The
second is a process measure approach from educational data mining or the learning analytics
field. It focuses more on investigating students’ engagement during practice (see Baker &
Inventado, 2014). In the following sections, the advantages and limitations of these two

approaches are discussed and the potential of combining these two approaches is pointed out.

2.5.1.1 The Gold Standard Approach to Evaluating Interventions

When evaluating math learning programs, a distinction can be made between efficacy and
effectiveness. Efficacy refers to the achievement of the intended goals in an environment in
which experimental control is maintained at a very high level in order to improve internal
validity. This ensures that the observed performance increase results directly from the treatment
and that the influence of other variables is minimized. In contrast, effectiveness also refers to
the attainment of the intended goals but under real-world conditions, thus focusing on high
external validity (Brook & Lohr, 1991; Flay et al., 2005; Hunsley et al., 2014). Thus, although
studies on the efficacy of math learning programs are theoretically feasible, for instance, if
students come into a laboratory to practice, the relevance of this approach is seriously
questioned as real learning usually takes place in less controlled environments, for instance, in
the classroom (All et al., 2015).

To evaluate the effectiveness of a math learning program, the use of the common and
popular gold standard approach is now well established (e.g., see Bai et al., 2012; Brezovszky
et al., 2019; Chang et al., 2015; Huang et al., 2014; Hung et al., 2014; Shin et al., 2012). In this
approach, an intervention (i.e., using a math learning program) that is carried out in an
experimental group is evaluated by comparing it with a waitlist control group that does not
receive the treatment, usually in a pretest-posttest design (Hariton & Locascio, 2018; Webber
& Prouse, 2018). Due to the randomized assignment of participants to each group, various
unknown person-related third variables are thereby expected to be held constant (Eid et al.,
2017). Regarding the statistical analysis, researchers then examine the program provision, that
is, whether a student received the program (experimental group) or not (waitlist control group).
This approach fulfills important requirements regarding inferences about causality, such as a
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potential covariation of performance improvement within the experimental group but not within
the control group, a temporal order of the potential performance effect ensured through a pretest
and posttest, and the preclusion of alternative explanations through randomization and the
inclusion of known third variables (Eid et al., 2017).

Various meta-analyses have already tried to measure the general size of a performance
effect based on the results of empirical studies that evaluated math learning program
interventions using the gold standard approach (e.g., Byun & Joung, 2018; W. Ma et al., 2014;
Tokac et al., 2019). However, according to Pellegrini et al. (2021), the results are disappointing
and seem to indicate that math learning programs do not really fulfill their aim of supporting
students’ learning. Hereby, the authors argued that the effect sizes were mostly small and often
turned out to be insignificant (0.05 < d < 0.42; see Byun & Joung, 2018; Cheung & Slavin,
2013; Li & Ma, 2010; W. Ma et al., 2014; Ran et al., 2021; Tokac et al., 2019). Nonetheless, as
math learning programs represent cost-saving interventions, their smaller effect sizes can still
have practical relevance (Kraft, 2020). Furthermore, students from the control group generally
also attend math instruction; thus, they also have access to resources similar to those available
to the treatment group, which is why smaller effect sizes could also be expected (Kraft, 2020).
In conclusion, the small effect sizes might be unproblematic and might even be more in line
with expectations.

What might really be the problem, however, is that the authors of the above-mentioned
meta-analyses pointed out a high heterogeneity regarding the effects of the empirical studies
included in their meta-analyses (e.g., Byun & Joung, 2018; Tokac et al., 2019). Kraft (2020)
suggested that the strength of an intervention effect varied according to who was included in
the analysis, that is, when merely the provision of an intervention was tested, the effects could
be expected to be smaller than when the actual receipt of an intervention was tested, as it could
not be ensured that all students who were targeted by the intervention actually participated in it
(Kraft, 2020). Regarding math learning programs, this would mean that, when testing simply
the program provision, it cannot be ensured that all students actually practiced with the program.
Thus, it is possible that, in studies that reported smaller effect sizes, only the provision of a
math learning program was tested, whereas, in studies that reported bigger effect sizes, the
actual receipt of a math learning program was tested. This assumption is supported by studies
in which teachers or researchers supervised students’ practice and thus ensured that they
completed the intended number of tasks or for the intended amount of time; these studies
consistently report significant increases in students’ performance (Brezovszky et al., 2019;

Huang et al., 2014; Rodrigo, 2011; Shin et al., 2012; Van den Heuvel-Panhuizen et al., 2013).
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However, this approach can only provide limited information about how students interact with
the program when they are unsupervised and is therefore only partly ecologically valid.

In summary, this heterogeneous results pattern might be an indicator that not all students
make equal use of a program provision. If this were indeed the case, this would be problematic
and would mean that it is not the programs themselves that are the source of the heterogeneous
effects but, rather, the common methodological gold standard approach used to investigate their
potential effects. Although this traditional intervention research paradigm offers several
advantages, particularly with regard to the important issue of causality (Eid et al., 2017), it is
limited in its ability to draw conclusions about why missing effects occur, as there is little
information about the students’ actual use of a math learning program (i.e., behavioral
engagement; Reinhold et al., 2024), especially when they are unsupervised. Thus, a stronger
engagement-related approach should be included in investigations. This might be achieved with

methods from the field of educational data mining and learning analytics.

2.5.1.2 Process Measures Approach

In times of digitalization, programs and applications mostly store their users’ behavior in terms
of process measures, for instance, the number of tasks completed in the program, the time spent
on the program, or the correctness or incorrectness of the answers provided. This also applies
to math learning programs (e.g., Math Garden, Semideus, and Bettermarks). The utilization of
such large-scale process measures is a key element of the educational data mining and learning
analytics fields (see Baker & Inventado, 2014). Within these fields, by examining response
accuracy and speed, researchers aim to understand how students develop cognitively or how
their in-game behavior (e.g., skipping tasks) potentially affects their in-program performance
(Buwalda et al., 2016; Brinkhuis et al., 2018; Haleva et al., 2021; Mooij et al., 2021; Savi et al.,
2018; Savi et al., 2023; Van der Maas & Nyamsuren, 2017).

Although this approach has the huge advantage of having a big database and also offers
nuanced and urgently needed insights into how students engage with math learning programs,
it is limited when it comes to drawing objective conclusions about students’ potential
performance improvements. This is because, although programs such as Math Garden provide
performance scores, these performance scores do not undergo a traditional validation process
with a representative norm sample, which is why they might not be entirely trustworthy
(Moosbrugger & Kelava, 2020). However, if behavior-related process measures were linked
with valid performance scores (measured with a pretest and a posttest, as in the traditional gold
standard approach), this would narrow the research gap on how students’ behavioral

engagement with a math learning program contributes to potential performance improvements.
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Unfortunately, the number of studies so far that have taken process measures into account
and linked them to objective performance scores is still modest. The few studies that used such
data mostly considered the time spent practicing with math learning programs (e.g., Hassler
Hallstedt et al., 2018) or the number of tasks completed by the students in the program (e.g., B.
R. J. Jansen et al., 2013). Promisingly, all studies were able to show that students’ practice
behavior was significantly related to their performance. This underlines the importance of
taking practice behavior into account when drawing conclusions about the effectiveness of math
learning programs on students’ performance, as missing effects might occur because students

systematically practiced too little.

2.5.2 Academic Motivation

There is much empirical evidence that academic motivation is strongly related to students’
performance (e.g., Howard et al., 2021; Kriegbaum et al., 2018). Thus, the observed decline of
this motivation over the course of secondary school students’ educational career is observed
with concern (Gaspard et al., 2017; Jacobs et al., 2002; Scherrer & Preckel, 2019).
Consequently, efforts to promote academic motivation and create a learning environment that
maintains and increases students’ academic motivation are considered to be highly important
(T. Jansen et al., 2022).

The self-determination theory (Deci & Ryan, 1993, 2000; Deci et al., 1991) can be used
to explain why math learning programs might be beneficial for students’ motivation. According
to this theory, learning environments have to meet students’ innate psychological needs for
competence, autonomy, and social relatedness. Competence is described as the state in which
an individual knows how to effectively achieve certain outcomes, while autonomy involves
taking control of initiating and regulating one’s own actions (Deci et al., 1991). The third need,
social relatedness, pertains to the presence of satisfying and secure relationships (Deci et al.,
1991). According to the self-determination theory, students’ need for competence might be
satisfied by engaging with a learning program, as it provides learning support through direct
program feedback and offers the possibility to increase the time spent on learning. Students’
need for autonomy can be supported by a learning program if the program provides students
with optimal, challenging tasks appropriate for their competence level, because being able to
successfully solve a learning task allows the student to strive for autonomy (Krapp, 2005).
Finally, learning programs might have the potential to increase students’ social relatedness.
This point might be counterintuitive at first glance, as one would assume that students primarily

work on their own while practicing. However, if, after practicing, students talk about the
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experiences they had while practicing, this might be a basis for a common interest, which can
satisfy social relatedness (Deci et al., 1991).

Various meta-analyses have already focused on the associations between the use of
educational technologies and students’ motivation (e.g., Higgins et al., 2019; T. Jansen et al.,
2022; Higgins et al., 2019; Fadda et al., 2022). In their systematic review of meta-analyses, T.
Jansen et al. (2022) found that the use of technology (i.e., digital tools and online learning
opportunities) was positively associated with students’ academic motivation. However, their
result refers to a broad range of technology use across different subjects. For math, a meta-
analysis conducted by Higgins et al. (2019) supported the results pattern that the use of
technology in the classroom can foster students’ academic motivation but, also in their study,
the term “technology” covers a range of different tools and systems (e.g., digital workbooks,
digital encyclopedia, video podcasts, computer games). More specifically, within the context
of math learning programs, a first and recent meta-analysis was conducted by Fadda et al.
(2022). The authors suggested an overall positive effect of math learning programs on students’
motivation (d = 0.27; Fadda et al., 2022). Thus, all previous meta-analyses on this topic support
the assumption that math learning programs might be promising tools to foster students’
academic motivation.

Regarding the meta-analysis conducted by Fadda et al. (2022), within the 20 studies
included, most studies referred to the motivational constructs of self-efficacy and self-
confidence, while only three studies assessed students’ motivation in terms of math self-
concept, and those studies yielded mixed results. Whereas Main and O’Rourke (2011) found
an increase in the math self-concept of 9- to 10-year-old students, Miller and Robertson (2010,
2011) did not find any effects for 10- to 11-year-old students. Still, even though all these studies
ensured that students, either supervised by a research assistant or by their teacher, practiced for
an intended amount of time each week, none of these studies took students’ actual practice
behavior into account, which might explain the unclear pattern of findings. So far, only B. R. J.
Jansen et al. (2013) took students’ practice behavior into account when investigating the effects
of Math Garden on students’ perceived math competence in a Dutch sample. Perceived math
competence as a construct is considered to be similar to math self-concept (Lee, 2009).
Interestingly, compared to a control group without a learning program, they found a small effect
of the program provision on perceived math competence in one out of three experimental
groups. In this group, the task difficulty was adjusted during practice to a 75% solution
probability (medium) according to students’ individual skills. No effect was found in either the

easy group (90% solution probability) or the difficult group (60% solution probability).
39



2 Theoretical and Empirical Background

However, the effect was not mediated by the number of tasks completed, which might indicate
that students’ motivational improvement could be independent of how much they actually
interact with the program. Still, on average, only 50 students were included in each
experimental group, which is why the approach might lack statistical power. Furthermore, the
authors also pointed out that the effect was very small, which could have been due to the rather
short intervention period (i.e., 6 weeks; B. R. J. Jansen et al., 2013). Thus, intervention studies
that are conducted over a substantial period of time (i.e., longer than 6 weeks) and that apply
the process measures approach (i.e., consider students’ practice behavior) are needed in order
to shed light on how math learning programs have the potential to increase students’ math self-

concept.

2.5.3 Academic Emotions

Within the context of education, academic emotions are tied not only to achievement activities,
as stated within Section 2.4, but also to achievement outcomes in terms of success or failure
(Pekrun & Stephens, 2010). Most studies that investigate the relationship between academic
emotions and achievement outcomes refer to students’ anxiety, especially within the subject of
math (e.g., see Aldrup et al., 2020; Gunderson et al., 2018; Pekrun et al., 2017; Ramirez et al.,
2018). Hereby, researchers aim to understand the unfavorable, negative relationship between
students’ math anxiety and their math performance, which was consistently found in three
prominent meta-analyses (Barroso et al., 2021; Hembree, 1990; X. Ma, 1999). As around one
third of students apparently suffer from math anxiety (OECD, 2013; Sorvo et al., 2017), there
is an urgent need to break this vicious cycle and understand how different learning
environments could have the potential to reduce students’ math anxiety.

The control-value theory, proposed by Pekrun (2006), suggests that math anxiety arises
when the perceived value of a math-related task is high, but the ability to solve the task is
considered uncontrollable due to lacking resources such as skills and knowledge. However, if
a math learning program offers the opportunity to adjust task difficulty based on the learner’s
skill level, this should make tasks more controllable for students with math anxiety, thereby
reducing their anxiety (Pekrun, 2006). Positive feedback from the program might further
enhance students’ perception of task controllability. Additionally, learning programs provide a
private space for students to make mistakes. Given that public experiences with math contribute
to math anxiety (Bekdemir, 2010), students may feel more secure about making errors during
practice with a math learning program than in oral sessions with the entire class. Consequently,

by minimizing public (i.e., potentially embarrassing) experiences, such programs might enable
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students to gain a heightened sense of control, which could have the potential to reduce their
math anxiety when they engage with math learning programs.

In light of these promising theoretical assumptions about how students with math anxiety
might benefit from practicing with math learning programs, Dondio et al. (2023) recently
published a first meta-analysis of the relationship between digital game-based learning and
math anxiety. However, the results are rather sobering, as the authors found only weak and
nonrobust evidence that digital games in math have the potential to reduce math anxiety
(Dondio et al., 2023). Still, they suggested that the effects would be stronger for longer
intervention periods. Indeed, many studies that investigated this relationship referred to a one-
day/one-session intervention (e.g., Hung et al., 2014; Vanbecelaere et al., 2020), but this brief
experience, even though it might have been positive, can presumably not eliminate the often
deep-rooted feelings of math anxiety (Dowker et al., 2016). In other words, according to
Pekrun’s control-value theory, students must actively perceive that learning environments such
as math learning programs offer higher levels of control in order for them to reduce their anxiety
(Pekrun, 2006). Therefore, their actual engagement over a substantial period of time could be a
decisive factor in this perception coming to fruition.

So far, only B. R. J. Jansen et al. (2013) took students’ practice behavior, in terms of their
completed tasks, into account when investigating the effects of the Math Garden learning
program on students’ math anxiety over the course of 6 weeks. However, they found no effect
of the program provision or of the number of completed tasks. This nonsignificant result aligns
with the mixed and unclear findings within the research field concerning the effects of digital
math learning programs on students’ math anxiety. Therefore, it is necessary to design
intervention studies that are conducted over an even longer period of time (i.e., longer than 6
weeks) and to use the process measures approach (i.e., consider students’ practice behavior) to
tackle the question of how math learning programs can contribute to decreasing students’ math

anxiety.

2.6 Research Questions and Studies Conducted

So far, research has mainly concentrated on investigating the effect of providing math learning
programs on students’ performance or on the differential effects of beneficial features such as
adaptivity or feedback, that is, a very program-centered perspective has been used (e.g.,
Hillmayr et al., 2020). Regarding the provision, the findings are mixed, and there is a growing
number of voices claiming that learning programs do not have the expected revolutionary effect
and may be more disappointing than promising (see Pellegrini et al., 2021).
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The supply-use model (Helmke & Weinert, 1997; Seidel, 2014), adapted to the context
of math learning programs, however, clearly states that the individual interaction with the
program might play a crucial role when it comes to potential program effects, not only on
performance but also on academic motivation and emotions. This can be described as a more
person-centered perspective. Hence, there is a pressing need to understand (1) how the
individual preconditions of students are related to their practice behavior, and, in turn, (2)
whether practice behavior contributes to improving students’ performance and academic
motivation and to reducing negative academic emotions (i.e., anxiety). The present dissertation
aimed to address these theoretical assumptions; the determinants and consequences of students’
practice behavior in the arithmetic learning program Math Garden were investigated. In order
to answer current calls to integrate objective process measures into educational research
(Azevedo, 2015), students’ practice behavior was also included, mainly operationalized by the
number of tasks completed.

Up until now, the small number of studies that have taken students’ practice behavior in
terms of process measures into account focused on the effects on performance. They showed
that the quantity of practice was consistently related to students’ performance increases (Haleva
etal., 2021; Hassler Hallstedt et al., 2018; B. R. J. Jansen et al., 2013; Spitzer, 2022). However,
as individual student characteristics might promote or even hinder students’ practice,
practitioners need to know which students potentially need more initial support when a math
learning program is being implemented. So far, though, no research has been conducted on such
links in the context of a math learning program. Due to their embedding within the theoretical
model as well as their evident relevance within educational research (Barroso et al., 2021; Chiu
et al., 2012; Dong et al., 2020; Kriegbaum et al., 2018; Poropat, 2009; Tomaszewski et al.,
2020), this dissertation therefore focuses on students’ prior knowledge, relevant personality
traits (conscientiousness), students’ academic motivation (math self-concept) and emotions
(math anxiety), and their family background (migration background and SES) as individual
preconditions that might be related to practice behavior.

Furthermore, students might not only benefit from a learning program regarding their
performance; they might also benefit in terms of their academic motivation and emotions due
to the beneficial features implemented within many learning programs, such as adaptivity or
feedback (Deci et al., 1991; Pekrun, 2006). Still, high-quality studies are limited within this
area (Dondio et al., 2023; Fadda et al., 2022), especially when it comes to the effects of students’
practice behavior on academic motivation and emotions (B. R. J. Jansen et al., 2013). Thus, this

dissertation also focuses on the effects on students’ math self-concept as well as their math
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anxiety, as both constructs are strongly associated with students’ future performance (Marsh &
Martin, 2011; Ramirez et al., 2018). Even if a math learning program does not increase
performance in the short term, it can be effective in the long term by improving math self-
concept or reducing math anxiety.

Taken together, the main goal of this dissertation was to investigate the important role
practice behavior might play when providing students with a math learning program. To attain
this goal, this dissertation addressed two research questions:

Research Question 1 (RQ1). Are individual student characteristics associated with students’

practice behavior in a math learning program?

Research Question 2 (RQ2). How are the provision of a math learning program and students’

practice behavior with it related to their performance, math self-concept, and math anxiety?

In order to address the two research questions, three empirical studies and two additional
replication analyses were conducted (see Figure 2.4). For this purpose, the Math Garden
program (Klinkenberg et al., 2011; Straatemeier, 2014; German: Prowise Learn) was
implemented twice within large German samples over substantially long periods, in both cases
as part of a randomized pretest-posttest control group design. The first implementation included
a practice period of 22 weeks in the 2019/2020 school year; in the second implementation
period, students practiced for 45 weeks with Math Garden in the 2021/2022 school year. During
both periods, students’ practice behavior was traced. Thus, as students were not closely
monitored by researchers when they practiced, but data regarding their behavior were still
available, all of the studies conducted demonstrated a high level of ecological validity. Study 1
and Study 2 referred to the first implementation period, whereas Study 3 is based on the data
collected within the second implementation period. Additionally, the assumptions of Study 1
and Study 2 were replicated and reported as additional analyses to investigate the robustness of
the results. For the replication analyses, the data from the second implementation period were

used.
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Figure 2.4

Overview of the Three Empirical Studies and Two Additional Replication Analyses of the

Dissertation with Regard to the Research Questions and the Implementation Periods

RQ1: The Link between Student

Characteristics and Practice RQ2: Effects of Practice Behavior

on Students’ Learning Outcomes

Behavior
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g
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Additional Replication Analyses Additional Replication Analyses
(Study 1) (Study 2)
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Does students’ practice behavior explain the negative relationship between students’ math
anxiety and their performance?

Implementation Period 2

2.6.1 Study 1 and Additional Replication Analyses: Students’ Individual Characteristics
as Predictors of Practice Behavior

To address the first research question of this dissertation, Study 1 investigated how individual
student characteristics were related to students’ practice behavior in Math Garden over a period
of 22 weeks (Implementation Period 1). Based on the results of previous research within
different learning contexts (e.g., homework behavior or course choices), it was hypothesized
that students with more prior knowledge, higher levels of conscientiousness, a higher math self-
concept, and a higher SES would practice more with Math Garden, whereas students with
higher levels of math anxiety or students with a migration background would practice less with
the program (Chiu et al., 2012; Dong et al., 2020; Dumfart & Neubauer, 2016; LeFevre et al.,
1992; Trautwein & Liidtke, 2007). Students’ individual characteristics were assessed in a

pretest, and their practice behavior was operationalized as the number of tasks completed,
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measured on a weekly basis. Multilevel analyses were calculated to test the derived hypotheses,
as the completed tasks, which were measured weekly, were clustered within students.
Using the same theoretical assumptions and methodological approaches, Study 1 was

replicated in the second implementation period to ensure the robustness of the findings.

2.6.2 Study 2 and Additional Replication Analyses: Effects of Providing and Practice With

Math Garden on Students’ Learning Qutcomes

To address the second research question of this dissertation, Study 2 focused on the effects of
Math Garden on students’ learning outcomes in terms of their performance, math self-concept,
and math anxiety over the period of 22 weeks (Implementation Period 1). Using a randomized
pretest-posttest control group design, not only the effects of the program provision were
investigated; how practice behavior within the experimental group was related to students’
learning outcomes was also examined. The aim thereby was to extend previous research by
following a more in-depth approach (Ran et al., 2021). With regard to students’ performance,
this means that conclusions were drawn separately about students’ addition and subtraction
performance, in contrast to conclusions based on a composite score. Furthermore, practice
behavior was operationalized not only via students’ completed tasks but also in terms of the
number of weeks over which students practiced with Math Garden. According to previous
research and theoretical assumptions about the beneficial features of adaptivity and feedback
(Dondio et al., 2023; Fadda et al., 2022; B. R. J. Jansen et al., 2013; Marsh & Martin, 2011,
Mayer, 2014; Pekrun, 2006), it was hypothesized that the provision of Math Garden, as well as
the number of tasks completed and the number of weeks spent practicing with Math Garden,
would improve students’ addition and subtraction performance as well as their math self-
concept and would decrease students’ math anxiety. Regression analyses were used to
statistically test the hypotheses.

Like Study 1, Study 2 was replicated in the second implementation period to ensure the
robustness of the results using the same theoretical assumptions and methodological

approaches.

2.6.3 Study 3: The Mediating Role of Practice Behavior Regarding the Relationship
Between Math Anxiety and Math Performance

Study 3 connected the assumptions and relevant findings of Study 1 and Study 2 and thus
addressed both research questions of this dissertation. Based on emotion-theoretical suggestions
that math anxious students in particular avoid math-related tasks (Eysenck & Calvo, 1992;

Eysenck et al., 2007), this study aimed to answer the research question of whether math anxious
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students avoid practicing with Math Garden and, in turn, whether this inhibits them in
improving their math performance. As practice behavior was again objectively operationalized
with process measures in terms of the number of tasks completed, this study extended previous
research that assessed math anxious students’ avoidance behavior with potentially biased self-
report measures (Hasty et al., 2021; Quintero et al., 2022). Study 3 hypothesized that students’
math anxiety would be associated with less practice in Math Garden but also that higher levels
of practice behavior would be linked to higher student performance. Thus, lower levels of
practice behavior might explain the negative relationship between students’ math anxiety and
their math performance. The study included three measurement points within the second
implementation period: at the beginning, in the middle, and at the end of a school year (T1—T2:
28 weeks of practicing, T1—T3: 45 weeks of practicing), which made it possible to examine
whether math anxiety at the beginning of the school year predicted students’ practice behavior
in the medium and long term, potentially precluding achievement gains due to continued

avoidance of practice. Mediation analyses were conducted to test the proposed hypotheses.
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Abstract

Background: Although research on mathematics learning programs has taken off in recent
years, little is known about how different person characteristics are related to practice behaviour
with such programs. When implementing a mathematics learning program in the classroom, it
might be important to know whether students with specific characteristics need more
encouragement to make use of this learning opportunity.

Objectives: Using a supply-use model, we analysed the predictive power of students’ cognitive
characteristics (prior mathematics knowledge), personality traits (conscientiousness),
motivational-affective characteristics (mathematics self-concept and mathematics anxiety), and
family background characteristics (socioeconomic status and migration background) for
practising with an adaptive arithmetic learning program.

Methods: We used longitudinal data from 203 fifth graders from seven non-academic-track
schools in Germany. Practice behaviour, measured by completed tasks in the learning program,
was recorded weekly for every student over a period of 22 weeks.

Results and Conclusions: The results of our multilevel analyses showed that mathematics
anxious students practised less with the program. We did not find any relationship with the
other characteristics.

Takeaways: Our results suggest that mathematics anxious students need more encouragement
when practising with a mathematics learning program; otherwise, they do not get the chance to

benefit from the use.

Keywords: mathematics, practice behaviour, learning behaviour, arithmetic learning programs,

computer-based practising
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3.1 Introduction

Mathematical literacy is central to social and professional participation in modern societies
(OECD, 2019). In Germany, however, about 25% of students already have fundamental deficits
in basic arithmetic skills at the end of primary school; these basic skills are essential for the
development of mathematical literacy in secondary school (Reinhold et al., 2019). A specific
challenge for the education system, and specifically for secondary school teachers, is to provide
adequate learning support for these low-achieving students in very heterogeneous classes
(OECD, 2019). Given the pressure to ensure high-quality mathematics instruction, computer-
based adaptive mathematics learning programs may make it possible to overcome this
challenge. They easily allow teachers to provide students with supplements to regular classroom
instruction that are not intended to replace instruction (Brasiel et al., 2016), and they allow
students to practise at their individual skill level (Ma et al., 2014). Indeed, a large body of
literature shows that various types of mathematics learning programs have the potential to
positively affect achievement outcomes (Brasiel et al., 2016; Byun & Joung, 2018; Higgins et
al., 2019; Ran et al., 2021; Tokac et al., 2019). However, these positive effects are mediated by
how well such learning programs are used by students and may vary depending on the usage
intensity (Cheung & Slavin, 2013; Ozel et al., 2008). Hence, just offering an adaptive learning
program to students is not sufficient to support them; it is important that students practise with
such learning opportunities regularly over a longer period of time in order for them to achieve
learning success (Barzagar Nazari & Ebersbach, 2019; Vlach & Sandhofer, 2012). Therefore,
the question arises as to which factors are associated with students’ practice behaviour in a
mathematics learning program.

Previous research suggested an association between students’ characteristics, such as
ability self-concept or conscientiousness, and their mathematics learning behaviour, for
example, in completing homework (e.g., Ashcraft & Krause, 2007; Koller et al., 1999;
Trautwein & Lidtke, 2007). Similarly, Proulx et al. (2017) pointed out that the effectiveness of
digital game-based systems in educational contexts is, for example, related to various person-
oriented factors. But such person-oriented characteristics that either promote or hinder practice
with a mathematics learning program have not yet been investigated. However, before
implementing such a program in the classroom, it might be especially important to know
whether students with specific characteristics need more encouragement in order to benefit

equally from the use. Therefore, we conducted an empirical study and analysed the predictive
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power of individual characteristics for students’ practice behaviour when working with an

adaptive arithmetic learning program over a period of 22 weeks.

3.1.1 Individual Characteristics as Predictors of Practice Behaviour

Various researchers in the field of education have already suggested that learning behaviour is
affected by different student characteristics (Imhof & Spaeth-Hilbert, 2013; Lens &
Decruyenaere, 1991; Meece et al., 1990). The supply-use model, which was developed to
describe the complex conditions of students’ learning in classrooms, systematically integrated
this idea (Helmke & Weinert, 1997; Seidel, 2014, also see Brihwiler & Blatchford, 2011). The
model suggests that instruction and the design of learning environments represent a structure
of supply. Accordingly, we conceived of arithmetic learning programs as a form of supply,
which includes specific characteristics and processes. In this context, the characteristics of
adaptivity and feedback are central. These characteristics then cause processes; for example,
adaptivity leads to tasks that are suited to the learner’s skill level, whereas feedback and related
rewards make students feel that they are being valued for their practice. Importantly, even
though all students receive the same supply, they may still differ in their use of the learning
program, for example, in the extent to which they practise. One important factor that affects
learning behaviour is students’ characteristics, including personality; cognitive, motivational,
and affective conditions; and family background. These ideas are illustrated in the adapted
supply-use model presented in Figure 3.1.

Figure 3.1

Adapted Supply-Use Model
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ﬁ Learning program Learning program
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= characteristics processes
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processes
% cognitive conlditions
= personality practised tasks

motivational conditions
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We focused on students’ prior mathematics knowledge as a cognitive condition, on
conscientiousness as a personality trait, on mathematics self-concept and mathematics anxiety
as motivational and affective conditions, and on socioeconomic status and migration
background as indicators of family background to examine the extent to which these variables
predict the practice behaviour of students working on an arithmetic learning program. These
variables are not only part of the theoretical model but have also always had particular relevance
in educational research (Dochy et al., 1999; Nagy et al., 2007; OECD, 2013; 2019; Poropat,
2014; Seipp, 1991). Nevertheless, they have never been investigated in the context of the

learning processes that occur when students use an arithmetic learning program.

3.1.1.1 Prior Knowledge

Prior knowledge is defined as a hierarchical and multidimensional entity that is dynamic and
consists of different types of knowledge and skills, and it has long been considered the most
important factor to influence student learning and achievement (Dochy, 1992; Tobias, 1994).
In the field of research on prior knowledge and individual learning processes, Higashi et al.
(2017) showed that students with higher prior computer science knowledge showed a higher
willingness to participate in online computer science courses. Moreover, students with higher
prior knowledge invested higher effort to complete such courses. In addition, high performance
in school has been shown to significantly influence the decision to study a science, technology,

engineering, or mathematics subject (Aeschlimann et al., 2015).

3.1.1.2 Conscientiousness

Conscientiousness is one dimension of the five-factor model of personality, which is used as a
standard model to describe specific personality traits in contemporary research (Costa &
McCrae, 1985; 1992; 2008). Conscientious people have various characteristics that favour
individual learning processes, for example, striving for achievement and being self-disciplined
(Costa & McCrae, 1992). Moreover, previous research has already suggested that
conscientiousness is related to self-control (MacCann et al., 2009), which means that
conscientiousness may reflect a better ability to self-regulate, resulting in more time spent on

tasks and, consequently, more successful learning (Poropat, 2014).

3.1.1.3 Academic Self-Concept

Academic self-concept refers to the self-evaluation of one’s ability in a specific domain (Marsh
& Martin, 2011), and it has been suggested that it is an important factor concerning
achievement-related decisions (Eccles & Wigfield, 2020). Regarding the subject of
mathematics, a study by Guo et al. (2015) showed that mathematics self-concept significantly

predicted mathematics coursework selection in high school, which means that students with a
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high mathematics self-concept are more likely to get involved in mathematics learning
processes. Furthermore, a positive mathematics self-concept was shown to be related to
increased mathematics learning activity (Koller et al., 1999) and an increase in the willingness

to invest effort when doing mathematics homework (Trautwein & Lidtke, 2007).

3.1.1.4 Mathematics Anxiety

Richardson and Suinn (1972) defined mathematics anxiety as a “feeling of tension and anxiety
that interferes with the manipulation of numbers and the solving of mathematical problems in
a wide variety of ordinary life and academic situations” (p. 551). Achievement emotions, such
as anxiety, directly influence achievement outcomes and achievement activities (Pekrun, 2006).
Orbach et al. (2019) argued that mathematics anxious students expect low success in
mathematics learning situations because of missing resources to handle these situations; this is
why mathematics anxious students may avoid becoming involved in learning processes in
mathematics. Research from Ashcraft and Krause (2007) and Hembree (1990) supported this
assumption by showing that people with mathematics anxiety avoided courses with

mathematical content in school as well as professions related to mathematics.

3.1.1.5 Socioeconomic Status (SES)

Differences in SES indicate differences in access to financial, human, social, and cultural capital
resources that consequently affect an individual’s access to learning opportunities (Chiu &
Chow, 2015). Families with a high SES usually place high value on education in order to
maintain the family’s status (Stocké, 2007) and they provide additional opportunities and
support to learn at home (Hattie, 2009), which makes it more likely for students with a high
SES to successfully get involved in learning processes. In the field of research on digital
learning, Vekiri (2010) showed that students with a more privileged social background had
better access to family sources of technological assistance and guidance. Similarly, previous
research has found evidence of a digital divide, which refers to social inequality in terms of the
competent use of digital media (Van Dijk, 2005). In this context, people with a low SES, in
particular, are more likely to be smartphone owners and to not additionally own a desktop
computer or laptop (Napoli & Obar, 2014). This is problematic because smartphones are used
more often for entertainment-related or social-interactive purposes and less often for

information- and learning-oriented purposes (Napoli & Obar, 2014).

3.1.1.6 Migration Background
In Germany, the number of students with a migration background is growing (OECD, 2019).
These students often perceive migration as an opportunity for social advancement (Kao &

Tienda, 1995) but there is a lack of family resources to translate ambitions into academic
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achievement (Stanat et al., 2010). According to Portes and Rumbaut (2001), the main reason
for this is a language barrier, which can make it difficult for students with a migration
background to get involved in learning processes. For example, when practising with an
arithmetic learning program, these students may have difficulties understanding how the login
works or how to deal with the different tasks in the program. Additionally, students with a
migrant background reported that their parents showed less interest in school activities (Dumont
et al., 2012) and also that they perceived their parents to be less supportive with homework
(Dumont et al., 2014). This indicates that not only do these students have to overcome the

language barrier but also that their parents are less able to support them at home.

3.1.2 The Present Study

In summary, students may differ in their use of an adaptive arithmetic learning program, which
is why the question of how individual characteristics are related to students’ practice behaviour
is important, for example, some students may have unfavourable individual preconditions, such
as having low prior mathematics knowledge, being mathematics anxious, or having a migration
background. Our study aimed to shed some light on which students need more encouragement
in order to benefit equally from the provision of such a learning program. Previous research has
not yet addressed this aspect; we thus aimed to fill this research gap. We conducted a 22-week
study, in which we combined questionnaire data with weekly measured practice behaviour (log
files) in the learning program. We aimed to answer the following research question: How do
individual characteristics predict practice behaviour (number of tasks completed per week) with
an adaptive arithmetic learning program?

On the basis of an adapted supply-use model (Helmke & Weinert, 1997; Seidel, 2014)
and previous research findings (Ashcraft & Krause, 2007; Dumont et al., 2012; 2014; Higashi
etal., 2017; Koller et al., 1999; Orbach et al., 2019; Poropat, 2014; Vekiri, 2010), we expected
that (H1) prior mathematics knowledge, (H2) conscientiousness, (H3) a high mathematics self-
concept, and (HS) a high SES would positively predict students’ practice behaviour (number of
completed tasks), whereas (H4) mathematics anxiety and (H6) a migration background would
negatively predict practice behaviour. The hypotheses are graphically represented in Figure 3.2.

As individual learning processes not only depend on individual characteristics but are
also part of a complex system (Helmke & Weinert, 1997; Seidel, 2014), it is important to take
covariates into account. To obtain an impression of students’ practice behaviour over time, we
considered a possible decline in practice behaviour, as research on the novelty effect suggests

that students usually show high engagement when confronted with a new digital learning tool
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(Jeno et al., 2019), but that this effect tends to disappear over time when students become more
familiar with the tool (Clark & Sugrue, 1990). Moreover, we took two time-related events,
namely, school holidays and the school closures as a consequence of the COVID-19 pandemic,
into account because both were found to have effects on learning behaviour in previous research
(Alexander et al., 2012; Cooper et al., 1996; Entwisle et al., 2001; Mohan et al., 2020). On the
student level, we controlled our analyses for students’ gender because former studies have
shown significant relations between our predictors, outcome variables, and gender (Hill et al.,
2016; Jansen et al., 2013; McCrae, 2002). Moreover, we controlled for technical problems when
using the program (e.g., problems logging in) because such problems prevented practice and
considerable time had to be invested to solve the problems. We also controlled for a program
introduction because three classes did not have their personalised login data during the
implementation of the program introduction. Therefore, an interactive introduction was not
possible.

Figure 3.2

Constructs and Hypotheses in the Current Study

Students’ gender

Program introduction
Technical problems
Practising with an

Individual characteristics arithmetic learning
Prior mathematics knowledge —(H1)+

program
Conscientiousness (H2) +
Mathematics self-concept (H3) +
Mathematics anxiety (H4) —
SES (H5)+
Migration background (H6) —
Person level
Time level
Weeks Practising with an
Lockdown COVID-19 »  arithmetic learning
Christmas holiday program
3.2 Methods

3.2.1 Design and Procedure

This study was part of a larger project on the predictors and outcomes of an arithmetic learning
program. Student data were collected in schools from October 2019 to March 2020 in
compliance with all data protection requirements and without any ethical concerns.
Participation in the study was voluntary and parental permission was obtained before

participation in the study.
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The participating classes completed mathematics achievement tests and answered
questionnaires assessing the student characteristics of interest for our study; a testing session
lasted approximately 1.5 hours and was done with tablets (model: Samsung Galaxy Tab 4 10.1).
All students were tested over a three-week period. At the end of the testing session, the classes
were randomly assigned to two conditions; the condition with access to the arithmetic learning
program defined the sample of the current study. The students in this condition received a 10-
minute introduction to the program and accessed the program on tablets using personalised
login data provided by their teachers. While practising, they got a brief oral introduction to the
main principles of the program. At the end of the introductory practice session, students were
told that they were allowed to, and should, practise with the program at home and in class on
their own devices. Students could access the program for 22 weeks and we tracked their weekly
practice behaviour. Three classes did not have personal login data due to technical problems.
These students were introduced to the program in a 5-minute presentation. The teachers were
asked to introduce the students to the program in more detail later. In March 2020, after 22
weeks of practice, the classes were tested again and answered questionnaires.

3.2.2 Sample

The data for this study were obtained from a sample of 203 fifth graders from 11 classes at
seven urban comprehensive (non-academic-track) schools in Northern Germany. While
academic-track schools prepare students primarily for higher education, non-academic-track
schools offer different levels of school degrees (Maaz et al., 2008). The data from one child
were excluded due to an implausibly high level of practice (more than 2,000 tasks within one
week), which might have been caused by siblings also practising with the program. The final
sample consisted of 202 students (49.5% male, 52.5% with a migration background, and 25.3%

with parents qualified for university admission; see Table 3.1 for further sample characteristics).

3.2.3 Arithmetic Learning Program

The arithmetic learning program “Math Garden” (German version: Prowise Learn) was
developed by Klinkenberg et al. (2011). Math Garden is characterised by its adaptive format,
which makes it possible for students to practise at their individual arithmetic skill level. An
algorithm regulates the assignment of the tasks so that the user has a pre-set average percentage
of correct tasks of 75% (Klinkenberg et al., 2011). The program is structured like a garden.
Wooden signs mark different tasks that target each basic arithmetic operation separately. One

session consists of 10 tasks. Correct answers given within the time limit are rewarded with
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virtual coins, and these coins can be used to buy virtual trophies. Teachers can check students’

practice behaviour in the backend of the program.

3.2.4 Measures

3.2.4.1 Practice Behaviour

Math Garden automatically tracks the number of completed tasks per domain per week (log
files). As students can quit sessions before answering all 10 tasks, we used the weekly number
of completed tasks as the dependent variable for our analyses to obtain the most precise measure
of practice behaviour. For each student, we estimated the total weekly practice frequency scores
by adding up all of the weekly completed tasks from the following domains: addition,
subtraction, multiplication, division, mix (mixture of basic arithmetic operations), counting (of
objects), series (logical completion of a given number series), numerals (tasks in which numbers
must be combined to obtain a desired target number), and tables (multiplication tables tasks
from 1 to 10). We had a maximum observation period of 22 calendar weeks (Calendar Week
43 in 2019 to Calendar Week 12 in 2020; see Figure 3.3). The observation period varied for
two reasons: First, the individual classes were tested over a period of three weeks at the
beginning of the study (for logistical reasons), and second, three teachers did not provide the
login data to their classes at the start of our study. On average, the program was available to the
students for 20.7 weeks (SD = 1.61, min = 17, max = 22). For the analyses, we coded the practice
weeks for each student individually, starting with the week of the program implementation,

when the students received their login data (week 0).

3.2.4.2 Prior Mathematics Knowledge

We used the addition and subtraction scales of the Heidelberg calculation test by Haffner et al.
(2005) to measure prior mathematics knowledge. Each scale consists of 40 items that become
increasingly difficult and students are instructed to solve as many items as possible in 120
seconds. The authors reported good retest-reliability values for the addition (r¢ = .82) and
subtraction scales (r« = .86; Haffner et al., 2005).

3.2.4.3 Conscientiousness

The short scale of the Big Five Inventory for Children and Adolescents (German adaption) by
Kupper et al. (2019) was used to measure conscientiousness. The scale consists of six items
(e.g. “I am diligent and work fast.”), which have to be assessed using a four-point Likert scale

(1 = does not apply at all to 4 = fully applies). Cronbach’s alpha was .66.
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3.2.4.4 Mathematics Self-Concept

Mathematics self-concept was measured with a scale adapted by Koller et al. (2000). The scale
consists of five items (e.g. “I would prefer to do mathematics if the subject was not that
difficult.””), which have to be answered on the same Likert scale as the conscientiousness scale.
All items were reverse recoded, so that high scores represent a high mathematics self-concept.

Cronbach’s alpha was .81.
3.2.4.5 Mathematics Anxiety

Mathematics anxiety was measured with a subscale from the Mathematics Anxiety Rating Scale
for Fourth to Sixth Grades by Roick et al. (2013). The scale consists of five items (e.g. “How
nervous do you feel when a mathematics test is written?”’), which have to be answered using a

five-point Likert scale (1 = not nervous at all to 5 = very nervous). Cronbach’s alpha was .89.

3.2.4.6 SES

We operationalised SES by the parental education background (Chen et al., 2018), which was
requested with one item (“Does your mother or father have an Abitur [secondary school
certificate qualifying students for university admission]?”’), whereby the answer options were
no, yes, and / don’t know. We were mainly interested in whether parents had an Abitur or not.
However, to handle the 7 don 't know option, we split the SES into two dummies. In our analyses,
we used SES-Abitur (0 = no and I don’t know, 1 = yes) as a predictor and SES—-knowledge

about parents’ Abitur (0 = no and yes, 1 = I don 't know) as a covariate.

3.2.4.7 Migration Background

The migration background was requested with the following item “Are other languages spoken
at home besides German?” with 0 = no and 1 = yes as the answer options.

3.2.4.8 Covariates

At the time level, we considered a variable with the weekly measurement points (0-21) to
control for a possible decline in practice behaviour. Moreover, there was a two-week Christmas
holiday during our measurement period. We coded this event individually for each week (0 =
no holiday, 1 = holiday). The COVID-19 lockdown affected the last week of our measurement
period. We coded this event individually for each week (0 = no school closures, 1 = schools
were closed).

At the students’ level, students’ gender was coded as 0 = male and 1 = female. We also
controlled for the program introduction (0 = no introduction, 1 = introduction). Moreover, we
controlled for technical problems. At the end of the measurement period, students were asked
to answer the following item “Did you have problems getting the mathematics learning program

started?” with the answer options 1 = never, 2 = sometimes, 3 = often, and 4 = always.
75



3 Study 1: The Relationship Between Individual Characteristics and Practice Behavior

3.2.5 Data Analysis

Due to the hierarchical structure of the data (time points within students), we used a two-level
multilevel analysis (Mplus, Version 8.5; Muthén & Muthén, 2020). To investigate the degree
to which students’ practice behaviour was stable over time and, thus, could potentially be
predicted by person rather than time-varying factors, we started with an unconditional model
(null model) and estimated the percentages of variance between and within students. To obtain
an impression of students’ practice behaviour over time, we next established a Level-1 model
(within person) with time (calendar weeks), Christmas holiday, and COVID-19 lockdown as
predictors of students’ weekly practice behaviour. To answer our research question, we tested
a random intercept and fixed slope main effects model (Model 2) by adding the variables for
individual characteristics as well as the covariates at the person level (Level-2 model; between
person). Hence, we investigated whether students’ individual characteristics predicted
interindividual differences in students’ average practice behaviour over the 22 weeks. We used
the robust maximum likelihood (MLR) estimator to obtain standard errors that were robust to
nonnormality (e.g., Bandalos, 2014; Maydeu-Olivares, 2017). Further, because students were
nested within classes, we took the three-level nature of the data into account by using the TYPE
= COMPLEX TWOLEVEL command. The COMPLEX command adjusts standard errors for
nonindependence within classes, so nonindependence within classes was accounted for but not
explicitly modelled. To ease the interpretation, all continuous independent variables were z-
standardised (M = 0, SD = 1). As the dependent variable was not standardised, the beta-
coefficients can be interpreted directly as effects on changes in completed tasks. Significance
testing was undertaken at the 5% level.

We found missing data on both the dependent variable and the independent variables.
Missing data regarding our dependent variable means that students did not have access to the
program. There were two reasons for this. First, five students participated in the testing session
and received login data but it was not possible to match their responses from the testing session
to their practice data. Second, Math Garden was intended to be used over 22 weeks but,
unfortunately, not all students were able to start in Week 1. Thus, for our analyses, the first
week in which students were able to practise with Math Garden was coded as Week 0. All
students practised for at least 16 weeks but, due to the delayed start of some students, missing
data occurred from Week 17 (10.4%) to Week 21 (52.0%). The average missing rate
(Week 0—-Week 21) was 8.1%.

For the independent variables, missing data occurred for different reasons: students left

out individual items or were not present during the testing session and only received access to
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the learning program later and thus generated practice data (n = 8). Lastly, the technical
problems covariate was assessed after the practice period, which coincided with the COVID-
19 lockdown in March 2020 in some classes. Although we tried to collect this information with
an additional online survey, data for this covariate were missing for 47 students. The percentage
of missing data varied from 7.4% on the Heidelberg calculation test to 24.3% on technical
problems, with an average missing rate of 9.8%. We used full information maximum likelihood
to account for missing data on the independent variables and on the dependent variable (Enders,
2010).

3.3 Results

3.3.1 Descriptives and Preliminary Analyses

In Figure 3.3, the average number of tasks completed per calendar week by the students is
displayed. On average, students solved 1,091 tasks over the whole observation period, although
practice behaviour varied substantially (SD = 1,366.94, min = 11, max = 8,406). The null model
revealed an intraclass correlation (ICC) of .16, that is, 16% of the variance in practice with
Math Garden was explained by differences between students, whereas 84% of the variance was
due to differences within students over time. This result indicated that our investigation of the
specific individual characteristics was worthwhile because they might explain differences in
practice behaviour. Regarding possible relationships between individual characteristics and
practice behaviour, we found significant correlations for mathematics anxiety and technical
problems with practised tasks, each with r = —.22 (see Table 3.2). These correlations can be
described as being small (Cohen, 1988). The means, standard deviations, and correlations for
the individual person characteristics are reported in Table 3.1.

Further, Figure 3.3 shows that there was an overall negative trend of practice over the 22
weeks and an obvious drop in practice during the Christmas holiday (Calendar Weeks 52 and
1). We found significant correlations between Christmas holiday, the COVID-19 lockdown,

and time (calendar weeks) and practice behaviour, ranging between | .05 | <r< | .10 | .
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Figure 3.3
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3.3.2 Relationship Between Individual Characteristics and Practice Behaviour

Adding the individual characteristics as Level-2 predictors, the main effect we found was that
of mathematics anxiety on practising with Math Garden (see Table 3.2, Model 2) after gender,
program introduction, technical problems, and SES—knowledge about parents’ Abitur had been
controlled for. As expected (H5), students with mathematics anxiety had a lower level of
practice with Math Garden (b =—14.17, p =.006). Concerning our hypotheses H1-H4 and H6,
we did not find any relationships. To handle the high variance of the dependent variable, we
additionally ran two robustness analyses, in which we successively excluded outlying values of
practice behaviour. We provide the results of these additional analyses as Supporting
Information. As the main results remained the same, with just one exception (the effect of
mathematics anxiety was only marginally significant), we consider them to be robust.
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Table 3.2
Results of Multilevel Analyses for Practice Behaviour

Correlation
with Model 1 Model 2
practising
r b SE b SE

Intercept 11454  26.30
Within students (Level 1)
Calendar Weeks -10 -3.00 146 —-2.98 1.49
Christmas Holiday? -.10 -51.94 9.70 -51.96 9.72
Lockdown COVID-19P 05 5478 4855 5455 49.06
Between students (Level 2)
Prior mathematics knowledge -.03 —4.15 8.11
Conscientiousness 12 5.10 5.44
Mathematics self-concept .08 —4.47 4.44
Mathematics anxiety —-.22 -14.17 5.12
SES-Abitur® —-.00 -19.37 1453
Migration background® -.01 -328  6.71
Covariates Il
Gender® —.06 -5.28  10.68
Program introductionf -.08 -7.20 28.27
Technical problems —-.22 -13.33 4.73
SES—knowledge about parents' Abitur® -.05 -23.11 1551
R2within .03 .03
R%petween 13

Note. Significant coefficients are printed in bold (p < .05). Continuous predictors were
standardised (M = 0; SD = 1). niime = 22; Nswdents = 202. Reference categories: ?no holiday.
Pno lockdown. ®no parent qualified for university/I don’t know. “no other languages spoken
at home besides German. ®male. 'no introduction. °no parent qualified for university/one

parent qualified for university.
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3.4 Discussion

In line with an adapted supply-use model (Helmke & Weinert, 1997; Seidel, 2014), the aim of
this study was to investigate the predictive power of individual characteristics for practice
behaviour with an adaptive arithmetic learning program. The results support only one of our
expectations. While we were able to confirm our hypothesis about the relationship between

mathematics anxiety and practice behaviour, our other hypotheses were not confirmed.

3.4.1 Individual Characteristics as Predictors of Practising With an Arithmetic Learning

Program

Our results indicated that, as expected, mathematics anxiety negatively predicted the level of
practice with the arithmetic learning program. Thus, highly mathematics anxious students were
less likely to practise with such a program; this highlights the importance of encouraging these
students to do so. As these students primarily focus on their unpleasant feelings when being
confronted with mathematical content (Ashcraft & Moore, 2009), one support strategy when
implementing such a program might be to provide a much longer guided introductory period to
make students feel more comfortable with the program. In addition, for the first weeks of use,
teachers could establish regular training units in mathematics lessons to familiarize the students
with everyday practice. During such regular practice sessions, mathematics anxious students
might perceive tasks as being controllable, which—in turn—may reduce anxiety (Pekrun, 2006)
and result in more practice. Moreover, the assumptions of Orbach et al. (2019) indicate that, in
particular, the success expectations of mathematics anxious students need to be fostered. For
Math Garden, students have the option to manually increase their pre-set success probability
from 75% to 90%, which leads to higher success rates and might then reduce the inhibition
threshold to practise.

Contrary to our expectations, we did not find any relationship of prior knowledge or
mathematics self-concept with practice behaviour. Keeping in mind that low-achieving students
have low prior knowledge and mostly unfavourable motivational prerequisites (Chiu &
Klassen, 2010; Van der Beek et al., 2017), the absence of a relationship between these variables
is a positive finding as it might indicate that low-achieving students, who are, after all, most
dependent on the use of supportive learning opportunities, are not disadvantaged in terms of
practice behaviour. The reason for this finding (i.e., no statistically significant relationship)
might be due to our decision to set the entry level of tasks in Math Garden to Grade-4 level in
order to especially motivate low-achieving students to practise with the program. Thus, despite

high expectations of success, students with high prior mathematics knowledge and a high
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mathematics self-concept might not have seen the program as valuable because of the very easy
entry tasks and, consequently, might not have practised with it more often than their classmates
(Eccles & Wigfield, 2020). However, this assumption needs to be experimentally tested in
future research and the hypothesised relationship needs to be explored as the results could be
very helpful to practitioners. As the level of entry tasks can only be adjusted on the class level
and not individually, teachers have to decide for whom practising with the program should be
made more attractive, that is, for high- or low-achieving students. In line with previous research
results from Riazy et al. (2020), which showed that students with higher mathematics grades
were more likely to persist until the end of a virtual learning environment even though the
difficulty did not increase, we recommend choosing a lower entry level in order to avoid
widening the knowledge gap. Moreover, keeping in mind the adaptive nature of the program,
the missing relations suggest that the program algorithm works appropriately on different
performance levels, as students with high prior knowledge or with a high mathematics self-
concept did not complete fewer tasks over time. This means that students were not
underchallenged during practice.

Also contrary to our expectations, we did not find any association between
conscientiousness and practice behaviour even though evidence from homework research
suggests that conscientiousness has an impact on learning behaviour (Trautwein et al., 2006;
Trautwein & Lidtke, 2007). In our study, we assume that sample characteristics may be the
reason for this unexpected finding, for example, the younger age group compared to the studies
of Trautwein and colleagues. As research on homework behaviour suggests that parental
involvement is particularly high at a young age (Hoover-Dempsey & Sandler, 1997), parents
of less conscientious children might especially try to compensate for their assumed lower
practice behaviour by constantly reminding them to use the learning program provided.
Therefore, parental involvement might explain more variance in practice behaviour than
conscientiousness does for younger children; this assumption needs to be tested in further
studies.

Concerning SES and migration background, we also did not find any relation with
practice behaviour. Although we were not able to confirm our hypotheses, our results suggest
that neither a lower SES nor a migration background has an educationally disadvantageous
effect. This means that the use of learning programs at least does not create further inequality;
this is a positive finding. A reason for the lack of a relationship with migration background
could be that the program is mostly language-free and students with a migration background

are therefore not at a disadvantage (due to a language barrier) in terms of practice behaviour.
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Hence, one might further expect that there will be no disadvantages regarding the effects of the
program but this needs to be tested in future research. The reason for the lack of statistical
effects of SES could be due to an unfavourable operationalization of the construct, which is

discussed in more detail in the next section.

3.4.2 Strengths and Limitations

A major strength of this study is the collection of practice behaviour with weekly log data,
which were combined with test and questionnaire data. The long data collection period of 22
weeks is also noteworthy, as research in this field usually involves interventions with shorter
time periods (Hillmayr et al., 2020). In addition, our study extends previous research on learning
programs in mathematics by examining the relationship between different variables and
practice behaviour with such learning programs; this has not previously been considered.

Although our study provides some new insights into students’ practice behaviour with
adaptive arithmetic learning programs, our analyses have some limitations that should be
considered when interpreting the results. As most high-achieving students attend academic-
track schools in Germany, our sample, which included only non-academic-track schools,
consisted of, on average, low-achieving students. Thus, the results cannot be generalised for all
types of schools in Germany. Further, the results cannot easily be generalised to different
countries. Digital education has taken off in Germany in recent years but it is still behind the
times, while in many other countries (e.g., Sweden, Denmark, or Singapore), digital solutions
in education are well established (lkeda, 2020). We expect that the fundamentally better digital
infrastructure at schools in these countries might also have different effects on practice
behaviour.

Moreover, previous research has already suggested that teachers vary in their
competencies in and attitudes towards digital media and also that the digital infrastructure in
schools varies (Eickelmann et al., 2019). Due to the design of our study, we were only able to
control for a three-level structure, which accounted for students being clustered in classes.
Unfortunately, we were not able to also consider teacher variables at Level 3 to investigate
variance between classes.

The descriptive analyses for SES showed that 67.6% of students did not know whether or
not their parents had an Abitur. This result suggests that the operationalization of SES as a
student self-report measure of parents’ educational background was unfavourable for the fifth
graders in our sample. This was also indicated by the nonsignificant correlation between

SES—-Abitur and migration background. Numerous previous studies have found significant
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correlations between these constructs (e.g., Eickelmann et al., 2019; OECD, 2013; 2019), which
is why our results regarding SES must be interpreted with caution. We recommend that future
research uses parent reports (e.g., occupation and cultural and economic capital) or other forms
of student ratings, such as asking students about the number of books at home (Eriksson et al.,
2019), to assess SES in a more valid way.

Moreover, a possible migration status was determined by the language(s) spoken at home.
Even though many studies have assessed migration background in such a way (Kast et al., 2021;
Konrad-Ristau & Burghardt, 2021), it might also be important to know for how long families
have lived in Germany and which family members were born abroad. It would then be possible
to distinguish between first- and second-generation migrants, which would be valuable
information as previous research has suggested that first-generation migrants are more
disadvantaged (OECD, 2019; Wendt et al., 2020). We recommend that future studies take this
into account.

Further, we found high variance in our dependent variable, which is in line with earlier
research that measured students’ behaviour with log data in online learning environments (e.g.,
Hofman et al., 2018; Jansen et al., 2013). Although these log data are a major strength of our
study, as there is no more objective way to measure behaviour than by tracking students’
activities online, there are indeed some challenges when analysing the data as outliers may
affect the results. We attempted to address this by using the MLR estimator and performing
robustness analyses in which outliers were successively removed. Nonetheless, researchers

should keep this in mind when interpreting the results.

3.4.3 Theoretical and Practical Implications

Even though we were able to confirm only one of the assumptions of our theoretical model, our
study shows that adapting a supply-use model to the context of providing a mathematics
learning program can offer new perspectives. Previous research on mathematics learning
programs has focused mainly on performance as an outcome (Higgins et al., 2019; Pellegrini et
al., 2021; Tokac et al., 2019) and has largely neglected the factors that determine the use of
these programs. Thus, our study investigated a new and innovative theoretical assumption by
considering individual student characteristics as predictors of practice behaviour. Yet, other
determinants of students’ use of learning programs may also be worth considering. Regarding
the supply level, it is probably a little too simplistic to assume that only program processes have
an influence on individual learning processes. In many cases, teachers are part of the provision

of such a program (Ozel et al., 2008). Hence, a successful program implementation is

84



3 Study 1: The Relationship Between Individual Characteristics and Practice Behavior

determined by teachers’ competencies in and attitudes towards digital media (Eickelmann et
al., 2019) and also by them having access to technical devices and support to enable them to
confidently use the program (Ozel et al., 2008). Therefore, future research needs to take such
teacher-related characteristics into account. However, the responsibility for (mathematics)
education does not lie solely with teachers in schools; it also lies with parents at home (Collins
& Halverson, 2010). Hence, with regard to the use of mathematics learning programs at home,
students’ practice behaviour might also be influenced by parental characteristics. Research on
parental homework involvement, for example, showed positive effects for responsiveness and
structure but negative effects for control (Dumont et al., 2014). These forms of parental
involvement may well have an impact on the use of a learning program. Moreover, the supply-
use model suggests that individual learning processes may also affect individual characteristics.
Further research could test this bidirectional model assumption, as this has not been suggested
in research on learning programs so far. For example, positive feedback on performance in the
program, which a student gets especially if they practise a lot, might increase self-concept
(Marsh & Martin, 2011) and decrease anxiety (Pekrun, 2006).

The results of our study have some practical implications for implementing a mathematics
learning program in the classroom. For example, teachers should take into account that
especially mathematics anxious students need to get extra support; otherwise, these students
might practise less and, consequently, not have the chance to benefit from the implementation.
Researchers have already suggested different psychological strategies to reduce mathematics
anxiety. For instance, students’ mathematics anxiety decreases when they perceive high teacher
awareness of and responsiveness to their emotional needs (Authors, 2020 [details removed for
peer review]). Thus, fostering teachers’ sensitivity to mathematics anxious students’ needs
might help students to overcome their inhibited practice behaviour. Teachers can be sensitive
to students’ needs in a variety of ways: by actively and consciously looking for indicators that
students need support or help, for instance, in students’ behaviour, facial expressions, or
gestures; by responding consistently to the needs of students, for example, by giving them
enough time to think about tasks; and by solving problems effectively, which can be checked
by having students confirm that their questions or problems have been resolved (Pianta et al.,
2012). Furthermore, strengthening students’ autonomy, providing positive feedback, and
ensuring a positive error culture can also reduce mathematics anxiety (Brandenberger & Moser,
2018). In the context of practising with arithmetic learning programs, this could mean that it is

beneficial if mathematics anxious students are initially allowed to decide for themselves which
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domains they would like to work on. In addition, teachers should focus on appreciating
students’ effort in practice sessions and not on their results.

As regular practice is necessary in order for students to benefit from the program
(Barzagar Nazari & Ebersbach, 2019), teachers should keep in mind that after the initial
enthusiasm, practice with the program may decrease over time. We therefore recommend that
practising with the program is repeatedly integrated into regular school lessons, for example, in
the form of short units at school or as a homework assignment. Especially after school holidays,
when practice behaviour declines dramatically, these strategies should be considered. Until
now, such a holiday effect has been shown predominantly for the summer holidays (Alexander
et al., 2012; Cooper et al., 1996). As we found a similar effect for a much shorter period (i.e.,
the Christmas holiday: two weeks), this indicates that such declines in learning behaviour occur
in general during school holidays independent of the duration of the holiday. Thus, it seems
important for teachers to motivate students to start practising more intensively after every

holiday period.

3.5 Conclusions

Although research on game-based learning and practice programs has recently intensified
(Hillmayr et al., 2020; Pellegrini et al., 2021; Sailer & Homner, 2020), the relationship between
individual characteristics and practice behaviour has not been addressed so far. This study thus
adds a new perspective to the current state of research in this area. Regarding the question of
which individual characteristics predict practice with an arithmetic learning program, our
results suggest that, in particular, students with mathematics anxiety need more encouragement
in order to at least get the chance to benefit from arithmetic learning programs. However, future
research should specifically investigate further determinants of practice behaviour with
mathematics learning programs, such as parental or teacher characteristics. In addition, research
is needed on how different program components (i.e., adaptivity or feedback) may particularly
foster the practice behaviour of students at risk, such as students with a migration background
or students with low prior mathematics knowledge. Such research could gain valuable

information on how to potentially close existing knowledge gaps.
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3.7 Supplementary Tables

Table S3.1

Results of Multilevel Analyses for Practice Behaviour

Correlation
with Model 1 Model 2
practising
r b SE b SE

Intercept 102.16  24.55
Within students (Level 1)
Calendar Weeks =11 -286 130 -2.88 1.33
Christmas Holiday? -12 5146 9.70 -51.42 9.67
Lockdown COVID-19P .06 56.65 46.23 56.92  46.63
Between students (Level 2)
Prior mathematics knowledge 12 3.36 2.50
Conscientiousness .08 0.84 2.78
Mathematics self-concept 10 -3.05 3.32
Mathematics anxiety —-.24 -11.03 4.02
SES - Abitur® .04 -24.86 14.02
Migration background® —.04 -3.70 412
Covariates Il
Gender® —-.03 0.90 6.56
Program introductionf .04 535 18.15
Technical problems —-.22 -8.75 2.07
SES - knowledge of parents' Abitur? -.15 —33.477 1434
R2within .04 .04
R2between 17

Note. Significant coefficients are printed in bold (p <.05). Marginally significant coefficients are

printed in italics (p <.10). Continuous predictors were standardised (M = 0; SD = 1). ntime = 22;

Nsudens = 197. Reference categories: 2no holiday. °no lockdown. no parent qualified for

university/I don’t know. %no other languages spoken at home besides German. ®male. no

introduction. ®no parent qualified for university/one parent qualified for university. TCoefficient

differ in significance level (p <.05) in contrast to original analysis.
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Table S3.2

Results of Multilevel Analyses for Practice Behaviour

Correlation
with Model 1 Model 2
practising
r b SE b SE

Intercept 103.76  23.29
Within students (Level 1)
Calendar Weeks -.14 -3.11 1.25 -3.12 1.28
Christmas Holiday? -11 4798 883 -—-47.93 8.93
Lockdown COVID-19P .04 45.23 34.40 4550 34.76
Between students (Level 2)
Prior mathematics knowledge 19 4.98t 2.44
Conscientiousness .10 1.38 2.76
Mathematics self-concept A2 —2.24 3.00
Mathematics anxiety -.21 ~7.497 4.08
SES - Abitur® .06 —-26.307  12.08
Migration background® .00 -1.02  4.01
Covariates Il
Gender® -.07 -1.92 6.13
Program introduction’ .05 3.47 15.67
Technical problems —-.22 -7.14 1.99
SES - knowledge of parents' Abitur? -.20 —35.447  11.39
R2within .04 .04
R2between 20

Note. Significant coefficients are printed in bold (p < .05). Marginally significant coefficients are

printed in italics (p <.10). Continuous predictors were standardised (M = 0; SD = 1). ntime = 22,;

Nswgents = 192. Reference categories: ?no holiday. °no lockdown. no parent qualified for

university/I don’t know. %no other languages spoken at home besides German. ®male. 'no

introduction. %no parent qualified for university/one parent qualified for university. TCoefficient

differ in significance level (p <.05) in contrast to original analysis.
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4.1 Introduction

Replicating research is a key activity in scientific endeavor as it serves as a de facto reliability
check (Plucker & Makel, 2021). Successful replications of previous results underpin their
relevance and justify (sometimes costly) related actions. In contrast, establishing that results
cannot be replicated provides stakeholders with information that can avoid resources and costs
being consumed unnecessarily (Plucker & Makel, 2021). Replications can occur in two
different forms, namely, direct replications and conceptual replications (Plucker & Makel,
2021). The goal of a direct replication is to follow the original study’s methods as closely as
possible, whereas a conceptual replication focuses more on investigating the theoretical
mechanism behind a particular finding and less on the original study’s methods (Schmidt, 2009;
Simons, 2014), for example, investigating the suggested link in another context or, with regard
to learning program research, by using a different program. Regardless of the form, replications
are rare. In the field of educational psychology, only 0.13% to 1.07% of published results have
been replicated (Makel & Plucker, 2014). Thus, researchers urgently need to increase
replication rates. In light of this, | aimed to replicate Study 1 in terms of a direct replication,
whereby | focused on using the same constructs (with slightly different operationalizations) as

well as the same statistical methods but with a different and even larger sample.

4.2 Research Question and Hypotheses

Based on the research question addressed in Study 1, this replication also aimed to answer the
question of how individual characteristics predict practice behavior (operationalized as the
number of tasks completed per week) with the adaptive arithmetic learning program Math
Garden (Klinkenberg et al., 2011; Straatemeier, 2014). The results of Study 1 only found
support for the hypothesis that math anxious students practiced less. Regarding the hypothesis
that students with higher prior math knowledge, higher levels of conscientiousness or math self-
concept, and a higher socioeconomic status (SES) would practice more, as well as the
hypothesis that students with a migration background would practice less, no supporting
empirical evidence was found. However, the unsupported hypotheses should not be directly
rejected as they still have strong theoretical foundations. Thus, on the basis of the theoretical
assumptions and the empirical results of Study 1, | again expected that (H1) prior math
knowledge, (H2) conscientiousness, (H3) a high math self-concept, and (H5) a high SES would
positively predict students’ practice behavior (i.e., number of tasks completed), whereas (H4)

math anxiety and (H6) a migration background would negatively predict practice behavior.
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4.3 Methods

4.3.1 Design and Procedure

The data used in this replication analysis come from a larger project investigating the
effectiveness of different approaches to supporting students in math (i.e., Implementation
Period 2; Carstensen et al., 2023). Within this project, students were randomly assigned at the
school level to either an experimental group or a waitlist control group. For this replication, |
considered the experimental group who practiced with Math Garden and their data, which were
collected from October 2021 to January 2022; this group practiced for the same average number
of weeks as the experimental group in Study 1, that is, 22 weeks. The implementation of Math

Garden and the testing of students followed the same procedure as that used in Study 1.

4.3.2 Sample

The sample comprised 890 fifth-grade students from 53 classes at 29 urban comprehensive
(non-academic-track) schools across Germany, who participated in an intervention with Math
Garden. Thus, the sample size was more than three times larger than that of Study 1 and also
differed in the federal states included (Schleswig-Holstein in Study 1 vs. Berlin, Brandenburg,
Hamburg, North Rhine-Westphalia, Rhineland-Palatinate, and Schleswig-Holstein in the
replication). The data of two students were excluded due to an implausibly high level of practice
(more than 2,000 tasks within one week), as were the data of 11 other students because of
missing data on all relevant variables, such as questionnaire, test, and practice data. Moreover,
four classes were excluded because they stopped participating in the study after the pretest (n =
48). The final sample consisted of 829 students (48.7% female, 49.5% with a migration
background, and 17.7% with parents who attended an academic-track school; see Table 4.1 for

further sample characteristics).

4.3.3 Measures

4.3.3.1 Practice Behavior

In line with the original study, | used the number of math-related tasks completed in Math
Garden per week as the dependent variable for the analyses, as well as a maximum observation
period of 22 calendar weeks (Calendar Week 35 in 2021 to Calendar Week 10 in 2022; see
Figure 4.1). On average, the program was available to the students for 18.70 weeks (SD = 1.4,
min = 14, max = 22). As in Study 1, | coded the number of weeks each student spent practicing
individually for the analyses, starting with the week of the program implementation, which is
when the students received their login data (Week 0).
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4.3.3.2 Individual Characteristics

As in Study 1, the addition and subtraction scales of the Heidelberg calculation test by (Haffner
et al., 2005) were used to measure prior math knowledge. Similarly, the short scale of the Big
Five Inventory for Children and Adolescents (German adaption) by Kupper et al. (2019) was
used to measure conscientiousness. Cronbach’s alpha was .62. Math anxiety was also measured
with the subscale of the Math Anxiety Rating Scale for Fourth to Sixth Grades by Roick et al.
(2013). Cronbach’s alpha was .91.

In contrast, the assessment of math self-concept, SES, and students’ migration
background differed slightly to the assessment in Study 1. Regarding math self-concept, the
German adaption of the math self-concept scale from the Self-Description Questionnaire was
used (Arens et al., 2011; Marsh, 1990). The scale consists of eight items (e.g. “I like math.”),
which have to be answered on a five-point Likert scale (1 = wrong to 5 = true). Cronbach’s
alpha was .91.

SES was operationalized by the parents’ educational background (Chen et al., 2018), but
instead of asking about the Abitur (i.e., secondary school certificate qualifying students for
university admission), students were asked to provide information about whether their parents
had attended an academic-track school (i.e., Gymnasium in Germany; “Did your mother or
father attend a Gymnasium?”’). The answer options were N0, yes, and I don 't know. | was mainly
interested in whether parents attended a Gymnasium or not. However, to handle the / don 't
know option, | split the SES into two dummies, which corresponded to the procedure in Study
1. In the analyses, | used SES-Gymnasium (0 = no and 7 don 't know, 1 = yes) as a predictor and
SES—knowledge Gymnasium (0 = no and yes, 1 = I don 't know) as a covariate. As the results
of Study 1 showed that only a few students knew about their parents’ educational background,
a second proxy to measure SES was used, which asked students about the number of books at
home (Eriksson et al., 2019; “Approximately how many books are in your home?”’). The answer
options were 1 = none or very few books (0—10 books), 2 = enough to fill a bookshelf board
(11-25 books), 3 = enough to fill one bookshelf (26-100 books), 4 = enough to fill two
bookshelves (101-200 books), 5 = enough to fill three or more bookshelves (over 200 books).
Next to these answer options, the quantity of books was displayed as pictures.

Instead of assessing a possible migration background with a dummy-coded item (Study
1: “Are other languages spoken at home besides German?” with 0 = no and 1 = yes as the
answer options), migration background in the replication was measured with the item “How
often do you speak German at home?” and the following answer options: 1 = | always speak

German at home, 2 = | almost always speak German at home, 3 = | sometimes speak German
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at home and sometimes another language, 4 = | never speak German at home. For the analyses,
I included the continuously operationalized migration background variable, but I also built a
dummy-coded version in terms of the direct replication approach (0 = | always speak German

at home, 1 = I almost always speak German at home to I never speak German at home).

4.3.3.3 Covariates
In terms of keeping the replication as similar as possible to Study 1, | also considered the
development of students’ practice behavior over time in order to account for a possible decline.
Thus, at the time level, | considered the weekly measurement points (Week 0-21). Further, |
controlled for time-related events such as school holidays, as there was a two-week autumn
holiday and a two-week Christmas holiday during the measurement period. | coded these events
individually for each week (0 = no holiday, 1 = holiday). However, | did not take school closures
as a consequence of the COVID-19 pandemic into account, as the data were collected in
2021/2022, which was after the peak of the pandemic.

On the student level, I controlled for students’ gender (O = male and 1 = female) and for
a program introduction (0 = no introduction, 1 = introduction). As students were not asked

about technical program problems, this covariate could not be included, in contrast to Study 1.

4.3.4 Data Analysis

The statistical analysis followed the approach taken in Study 1, which means that, due to the
hierarchical structure of the data (time points within students), I used a two-level multilevel
analysis (Mplus, Version 8.5; Muthén & Muthén, 2020). | started with an unconditional model
(null model) and estimated the percentages of variance between and within students, followed
by a Level-1 model (within person) with time (calendar weeks) and holidays as predictors of
students’ weekly practice behavior. Finally, | tested three random intercept and fixed-slope
main effects models by adding the variables for individual characteristics as well as the
covariates at the person level (Level-2 model; between person). Hereby, Model A had the
closest agreement with the Level-2 model from Study 1. Additionally, | varied measures
regarding the migration background (Model B-migration background continuously) and
measures regarding SES (Model C-SES books). | used the robust maximum likelihood
estimator, and | also took the three-level nature of the data into account by using the TYPE =
COMPLEX TWOLEVEL command. All continuous independent variables were z-standardized
(M =0, SD = 1), but the dependent variable was not standardized. Significance testing was

undertaken at the 5% level.
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| found missing data on both the dependent variable and the independent variables.
Missing data regarding the dependent variable means that students did not have access to the
program. There were two reasons for this. First, students participated in the testing session and
received login data but it was not possible to match their responses from the testing session to
their practice data (n = 161). Second, Math Garden was intended to be used over 22 weeks but,
unfortunately, not all students were able to start in Week 1. Thus, for the analyses, the first
week in which students were able to practice with Math Garden was coded as Week 0. All
students practiced for at least 14 weeks but, due to the delayed start of some students, missing
data occurred from Week 15 (1.5%) to Week 21 (95.5%). The average missing rate (Week 0—
Week 21) was 15.1%.

For the independent variables, students left out individual items or were not present
during the testing session. Thus, they received access to the learning program later but still
generated practice data. The percentage of missing data varied from 0% on students’ gender to
11.7% on SES-books, with an average missing rate of 6.3%. | used full information maximum
likelihood to account for missing data on the independent variables and on the dependent
variable (Enders, 2010).

4.4 Results

4.4.1 Descriptives and Preliminary Analyses

In Figure 4.1, the average number of tasks completed per calendar week by the students is
displayed. On average, students completed 313 tasks over the whole observation period,
although practice behavior varied substantially (SD = 625.04, min = 0, max = 7,771). Thus,
students, on average, engaged less with Math Garden than they did in Study 1. The null model
revealed an intraclass correlation (ICC) of .17, which is very similar to the ICC in Study 1.
Regarding the possible relationships between individual characteristics and practice
behavior, | found significant correlations for math anxiety (r = —.09; see Table 4.2) and a
migration background (dummy: r = —.07; continuous: r = —.11). These correlations can be
described as being small (Cohen, 1988). The means, standard deviations, and correlations for
the individual student characteristics are reported in Table 4.1. Further, Figure 4.1 shows that
there was an overall negative trend of practice over the 22 weeks, with drops in practice during
both holiday periods (Calendar Weeks 40 to 42, Calendar Weeks 51 to 1). | found significant
but small negative correlations between the holiday periods and practice behavior (r = —.04; see

Table 4.2), as well as between time (calendar weeks) and practice behavior (r = —.03).
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Figure 4.1
Number of Tasks Completed per Calendar Week
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4.4.2 Relationship Between Individual Characteristics and Practice Behavior

Adding the individual characteristics as Level-2 predictors, |1 found a negative effect of
students’ migration background on practice behavior (see Table 4.2, Model A) after gender,
program introduction, and SES—knowledge about parents’ Gymnasium attendance were
controlled for. The result was robust for both a dummy-coded variable and a continuous
operationalization (see Model B). Thus, as expected (H6), students with a migration
background displayed lower levels of practice with Math Garden (dummy: ba =—3.52, p =.042;
continuous: bg = —2.18, p = .010). Concerning H1-H5, 1 did not find any relationships. Thus,
with regard to Study 1, the pattern of findings differed slightly for migration background and
math anxiety, but the results regarding prior math knowledge, conscientiousness, math self-
concept, and SES were consistent. This also applied to the Level-1 variables, which means that
students practiced less during holiday periods (ba = —10.48, p <.001) and that practice behavior
declined over the 22 weeks (ba =—0.50, p < .001).
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Table 4.2

Results of Multilevel Analyses for Practice Behavior

Completed
sk Model A Model B Model C
r ba SE bs SE bc SE

Intercept 15.65 6.01 13.12 6.09 15.62 5.96
Within students (Level 1)
Weeks -.03 -0.50 0.15 -0.49 0.15 -0.49 0.15
Holidays? -.04 -10.48 2.14 -10.48 2.14 -10.47 2.14
Between students (Level 2)
Prior math knowledge .04 0.31 1.04 0.24 1.04 0.33 1.03
Conscientiousness 02 -0.10 1.04 -0.08 1.04 -0.14 1.04
Math self-concept .04 0.64 0.99 0.62 0.97 0.64 0.99
Math anxiety -09 -144 1.00 -1.33 097 -1.46 1.01
SES-Gymnasium® -01 -1.05 1.75 -0.73 1.77
SES-books —.00 —0.24 0.71
Migration background dummy* -07 -352 174 -357 178
Migration background continuous =11 —-2.18 0.84
Covariates
Gender® -.05 -0.98 125 -0.93 1.23  -0.94 1.27
Program introduction' .03 5.97 5.52 6.45 5.54 5.72 5.65
SES—knowledge Gymnasium? 01 -0.11 1.35 0.04 1.34
R2uithin .02 .02 .02
R2between 10 11 10

Note. Significant coefficients are printed in bold (p <.05). Continuous predictors are standardized (M =

0; SD = 1). nime = 22; Nstudents = 829. Reference categories: 2no holidays. ®no lockdown. no parent

attended academic-track school/I don’t know. “no other languages spoken at home besides German.

®male. 'no introduction. %no parent attended academic-track school/one parent attended academic-track

school.
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4.5 Discussion

With these additional analyses, | aimed to directly replicate Study 1, as replications in the field
of educational psychology are needed to provide evidence for the robustness of the results. In
line with Study 1, I expected that higher levels of prior math knowledge, conscientiousness,
and math self-concept, as well as a higher SES, would be associated with more practice in Math
Garden, whereas | expected math anxiety and a migration background to be related with less
practice. In Study 1, empirical evidence was found only for the assumption that math anxious
students practiced less, whereas no statistical links emerged for prior math knowledge,
conscientiousness, math self-concept, SES, or a migration background with students’ practice
behavior.

Overall, the analysis of this replication yielded two results that differed from those of
Study 1 but, otherwise, the same patterns of findings was found as that obtained in Study 1. The
first difference from Study 1 was that students with a migration background practiced less with
Math Garden in the replication, which was, however, in line with my hypothesis. The second
difference was due to the fact that | could not replicate the negative link between math anxiety
and practice behavior found in Study 1, which was, however, contrary to the theoretical
assumptions that students with math anxiety avoid math-related tasks and situations (Eysenck
et al., 2007). Regarding similar patterns of findings, the nonsignificant results regarding the
effects of prior math knowledge, conscientiousness, math self-concept, and SES on students’
practice behavior were in line with those from Study 1. However, these nonsignificant results
did not support my proposed hypotheses.

Regarding math anxiety and migration background, interestingly, both student
characteristics showed significant but also rather small negative associations with students’
practice behavior. For math anxiety, the correlation was considerably smaller than that found
in Study 1, which might be explained by the, on average, lower math anxiety level within the
sample of the replication analyses. Regarding students’ migration background, the
operationalization of the variable might play a role in the negative relationship that emerged;
instead of asking if other languages were spoken at home besides German, students provided
information on how often they spoke German. Unlike in Study 1, this form of assessment
provided students with more options and, therefore, might have created more meaningful
variance which might have led to the small but expected effect found within the statistical

analyses. Thus, after controlling for math anxiety, migration background was the more powerful
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predictor in the statistical model of the additional analyses. This varying pattern of findings is
addressed in more detail in the General Discussion (see Chapter 8).

For practitioners, this negative effect shows that students with a migration background
might need more initial support when practicing with math learning programs in order to
achieve a similar level of practice as their peers without a migration background. As a language
barrier and less parental support at home might be the underlying mechanisms of this effect
(Portes & Rumbaut, 2001; Dumont et al., 2012, 2014), teachers especially need to ensure that
students with a migration background can follow the instructions when a math learning program
is implemented. However, the tasks in the Math Garden program do not conain hat much
language. Thus, practitioners using programs with a greater emphasis on language, for instance,
programs including word problems, might need to be even more aware of supporting students
with a migration background. Otherwise, there is a risk that these students will be even more
disadvantaged than is already the case (OECD, 2023). Even though the results do not provide
evidence that math anxious students practice less, | would not conclude that math anxious
students are not at risk, and | would continue to presume that they might need further support
due to their lower achievement gains, which have clearly been shown in previous research
(Barroso et al., 2021; Hembree, 1990; Ma, 1999; see Study 1 for suggested strategies).

The absence of a relationship between prior math knowledge, conscientiousness, math
self-concept, SES, and practice behavior in Math Garden is again a positive finding. As
especially low-achieving students (i.e., students with low prior math knowledge, a low math
self-concept, and a low SES; Chiu & Klassen, 2010; Van der Beek et al., 2017) are most
dependent on the use of supportive learning opportunities, the results of Study 1 and the
replication analyses showed that students with these characteristics at least did not practice less.
The replication of this pattern of findings might be a first indication that there might be no
associations between these student characteristics and students’ practice behavior with math
learning programs. Still, it is necessary to keep in mind that the findings might only apply to
the younger age group, in which parents and teachers often strongly structure students’ learning
environment (Eccles & Midgley, 1989). Such contextual factors might therefore be more
decisive at this age than individual student characteristics are, and they could, in turn, become
less important for older students. Furthermore, the results might only apply to practice with
Math Garden, a program that works adaptively and, thus, provides students with higher chances
of solving tasks successfully than of failing (Klinkenberg et al., 2011). Therefore, future studies
might replicate this research in terms of a conceptual replication using a differently functioning

learning program in order to get a better understanding of the underlying mechanisms. The
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assumption about the role of adaptivity, and possible approaches to investigate the mechanisms

behind adaptivity, will also be discussed in the General Discussion (see Chapter 8).
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Abstract

Math learning programs were expected to revolutionize students’ learning, but their effects so
far have mostly been disappointing. Following the debate about why to continue research on
math learning programs, we aimed to reformulate this question into how to continue this
research. Investigations to date have neither considered a sufficiently wide set of outcome
variables nor differentiated between performance measures (e.g., measuring addition and
subtraction performance separately) and affective-motivational variables. Moreover, as
students can only benefit from a program if they use it, researchers need to take practice
behavior into account. Thus, we investigated whether the adaptive arithmetic learning program
Math Garden fostered students’ addition and subtraction performance, their math self-concept,
and a reduction of their math anxiety. We also investigated how practice behavior (practiced
tasks/weeks) affected these outcomes. We used a randomized pretest-posttest control group
design with 376 fifth-grade students in Germany. Students in the experimental condition
practiced with Math Garden for 20.7 weeks and had an increase in math self-concept. The more
subtraction tasks the students practiced, the more they improved their subtraction performance.
We found no effects on math anxiety. The results are discussed in terms of providing a starting

point for new directions in future research.

Keywords: digital game-based learning; math learning program; intervention study; practice

behavior; math performance
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5.1 Introduction

It has always been a challenge for math teachers to provide instruction that meets the needs of
all of their students, as students substantially differ in their prior math knowledge (Reinhold et
al., 2019). This applies particularly to the transition from elementary school to secondary school
(i.e., Grade 5 in most parts of Germany) when students from different elementary schools are
regrouped into new secondary school classes. As the performance pressure in secondary schools
increases, math teachers often do not have the time to address prior deficits and unlock students’
full potential regarding basic arithmetic operations. Hence, especially students who have
problems understanding basic arithmetic operations are at risk of falling behind because basic
arithmetic skills form the basis of understanding more complex mathematics (Andersson, 2010;
Bailey et al., 2014; Hansen et al., 2017; Jordan et al., 2013) and are a strong predictor of later
achievement (Bailey et al., 2012; Barbieri et al., 2021; Duncan et al., 2007; Siegler et al., 2012).
Math learning programs may help to meet this challenge due to their beneficial features, such
as adaptivity and corrective feedback. They have, therefore, moved into the focus of research
in recent decades (Higgins et al., 2019; Hillmayr et al., 2020; Pellegrini et al., 2021; Sailer &
Homner, 2020).

Unfortunately, the results obtained up until now regarding achievement outcomes are
disappointing. In their meta-analysis examining the overall effect size of digital game-based
learning, Byun and Joung (2018) found a statistically significant but only small effect size (d =
0.37). Hence, they concluded that there may be other ways for students to learn math more
effectively (Byun & Joung 2018). Similarly, in their meta-analysis, Tokac et al. (2019) found
only a small, marginally significant overall effect (d = 0.13) for game-based interventions in
math compared to traditional nonvideo game-based classroom instruction, and the authors also
pointed out the high heterogeneity regarding the effectiveness of such game-based
interventions. Pellegrini et al. (2021), who also found only a very small nonsignificant effect
size (d = 0.05) concerning the implementation of digital technology in math instruction,
sharpened the topic by pointing out that the use of technology in education has been expected
to have revolutionary impacts on learning outcomes but that, no matter how beneficial and
promising program mechanisms sound, they have not yet improved students’ performance
substantially. But what is the educational implication of these disappointing results? Should
learning programs no longer be recommended for use in the classroom because research is not
able to show that their implementation is effective? Rather than assuming that math learning

programs are ineffective and potentially rejecting their use, one could take a step back and ask
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whether the methodological approaches of previous studies were fully capable of detecting
potential effects.

Thus, regarding the question of why to continue research on math learning programs, we
suggest this question is reformulated into Zow to continue research on math learning programs.
Posing this question is highly relevant because prematurely rejecting the use of math learning
programs might lead to these interventions being abandoned, even though they are easily
applicable and cost-effective and can thus reach large numbers of students. Thus, the present
study identified current desiderata in research on math learning programs, addressed them
conceptually, and then analyzed the effects of an adaptive computer-based arithmetic learning
program with a randomized pretest-posttest control group design in a sample of fifth-grade
students in Germany (N = 376). The approaches postulated in this study might be a starting

point for future research on math learning programs.

5.1.1 Promising Mechanisms of Math Learning Programs

The central promising characteristics of math learning programs are their adaptivity and
corrective feedback (Hillmayr et al., 2020). Adaptivity in this context means that the task
difficulty adapts to the individual ability level of each learner (Hillmayr et al., 2020), while
corrective feedback highlights correct solutions and corrects incorrect solutions (Shute, 2008).
There is a wide variety of interactive math learning programs that include these desirable
mechanisms and that have also already been used for scientific purposes, for example,
Bettermarks from Germany, Mindsteps from Switzerland, or Carnegie Learning from the U.S.,
but they all differ in their conceptual functioning (Hillmayr et al., 2020).

In this study, we used the adaptively working arithmetic learning program Math Garden
(Klinkenberg et al., 2011; Straatemeier, 2014). Following the characterization by Nattland and
Kerres (2009), Math Garden can be classified as a drill-and-practice program. Drill-and-
practice programs serve to strengthen previously acquired content knowledge by allowing the
learner to practice at their own pace and to repeat specific types of exercises as often as
necessary (Nattland & Kerres, 2009). In line with this definition, Math Garden allows students
to strengthen basic arithmetic operations that are central to elementary school curricula on
individual performance levels because an algorithm regulates the assignment of the tasks so
that students have an average percentage of correct tasks of 75% (Klinkenberg et al., 2011).
Moreover, after each task, direct corrective feedback is given. The interplay of these promising
mechanisms might affect not only students’ performance but also their affective-motivational

outcomes, such as math self-concept and math anxiety, as further elaborated below.
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5.1.1.1 Effect Mechanisms of Math Learning Programs on Math Performance

The cognitive theory of multimedia learning (Mayer, 2014) describes why using digital learning
programs such as Math Garden can be beneficial for students’ performance: Students need to
actively engage with the learning content in order to understand new information (Mayer,
2014). Hence, interactive digital learning programs help them to directly influence their own
learning processes, as the defining feature of interactivity is responsiveness to the learner’s
actions during learning (Moreno & Mayer, 2007). Thus, programs such as Math Garden respond
to students’ ability level by providing appropriate tasks, and immediate program feedback helps
students to instantly reflect on their performance and, if necessary, to rethink inefficient
calculation strategies (Shute, 2008). Besides performance, similar effect mechanisms might

also affect math self-concept.

5.1.1.2 Effect Mechanisms of Math Learning Programs on Math Self-Concept

Math self-concept refers to the self-evaluation of one’s ability in math and is considered to be
an important factor concerning performance and achievement-related choices (Eccles &
Wigfield, 2020). According to the reciprocal effects model (Marsh, 1990; Marsh & Martin,
2011), performance and math self-concept enhance each other. This has been confirmed by
several studies (Arens et al., 2022; Jiang et al., 2020). As Math Garden offers high success rates
independent of students’ actual skill level because problems are adapted to the individual skill
level during practice (Klinkenberg et al., 2011), all students can be expected to experience
positive feedback and rewards, which then should imply good performance. Thus, they might
perceive their own abilities as being high, generalize this positive feedback to an entire subject
area (e.g., math), and internalize it into a positive self-concept for that subject area (Craven et
al., 1991). Hence, receiving feedback that they have solved math tasks successfully should lead
to an increase in students’ math self-concept. In addition to math self-concept, math anxiety is
another prominent affective-motivational construct that has been shown to have a direct relation
to students’ performance (Ashcraft & Kirk, 2001; Caviola et al., 2022; Devine et al., 2018; Ma,
1999; Pekrun, 2006).

5.1.1.3 Effect Mechanisms of Math Learning Programs on Math Anxiety

Richardson and Suinn (1972) defined math anxiety as a “feeling of tension and apprehension
that interferes with the manipulation of numbers and the solving of math problems in a wide
variety of ordinary life and academic situations” (p. 551). The control-value theory (Pekrun,
2006) postulates that (math) anxiety occurs when the value of an achievement-related task is
perceived as high but solving the task is considered to be uncontrollable due to missing

resources, such as a lack of knowledge and skills. However, as adaptive programs such as Math
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Garden adjust the task difficulty to the learner’s skill level, students with math anxiety should
perceive the tasks as being (more) controllable in terms of solving the tasks correctly, which
should reduce their anxiety. Positive program feedback should help students to recognize the
controllability of tasks even further. Moreover, programs such as Math Garden offer students
the chance to make mistakes in private. As negative experiences with math in public appear to
contribute to math anxiety (Bekdemir, 2010), students should feel safer making mistakes during
practice with a math learning program than during oral practice sessions with the whole class.
Hence, if the number of public, potentially negative, or embarrassing math-related experiences
is reduced, students might experience even further control.

Nonetheless, even though the use of arithmetic learning programs like Math Garden in
school as an additional instructional feature to strengthen arithmetic skills and to foster
affective-motivational outcomes is promising in theory, researchers often detected no effects or
only small effects on math performance (Bai et al., 2012; Byun & Joung, 2018; Hung et al.,
2014; Jansen et al., 2013; Pareto et al., 2012; Pellegrini et al., 2021; Tokac et al., 2019). In
contrast to performance effects, affective-motivational effects have not been investigated much
so far. Hence, we considered whether a change in research on math learning programs might be
necessary to improve the quality of studies in this field. First studies have already started to
investigate math learning programs in a more differentiated way. For instance, Hallstedt et al.
(2018) investigated addition and subtraction performance separately, Jansen et al. (2013)
considered not only performance as an outcome but also affective-motivational variables to
examine the effectiveness of math learning programs while also taking practice behavior into
account, and Vanbecelaere et al. (2022) also asked for a systematic and more standardized
assessment framework of digital games for learning. Our aim was to build upon these studies

and combine their methodologies in one approach.

5.1.2 New Approaches to Investigating the Effectiveness of Math Learning Programs

When considering how future studies on math learning programs can be improved, and after
reviewing the literature on math learning program evaluations, in our view, three different
approaches can be taken to investigate the effectiveness of math learning programs in new ways.
5.1.2.1 Measuring Distinct Subdomain Performance

As a key learning outcome, researchers mostly aim to measure students’ math performance
improvement after implementing a math learning program. To do so, they usually assess
performance with a broad status diagnostic score including domains such as measurement,

geometry, or arithmetic (Bai et al., 2012; Beserra et al., 2014; Ke, 2008; Shin et al., 2012).
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However, such an overall performance score may not be able to reveal improvements in more
specific math subdomains, such as different arithmetic operations (e.g., addition or subtraction).
Hence, Ran et al. (2021) called for more specific outcomes when investigating math learning
programs, arguing that an overall score might lead to flawed conclusions about the effectiveness
of the intervention. For instance, a significant performance improvement as shown in an overall
arithmetic score does not necessarily imply an equally large performance improvement in
addition and subtraction, whereas, in turn, no performance in an overall arithmetic score does
not necessarily mean that there is no improvement in addition and subtraction. To the best of
our knowledge, so far, only Hassler Hallstedt et al. (2018) differentiated between single
performance measures for addition and subtraction skills in their analyses. They were able to
show that a math tablet intervention had effects on low-achieving second graders. They found
a performance increase in both addition and subtraction (Hassler Hallstedt et al., 2018). This
underlines the importance of using distinct performance measures, as the study clearly showed
that the intervention was effective for both addition and subtraction. Hence, more research that
differentiates between performance measures is needed to gain a more detailed insight into
which exact math abilities are fostered with the learning program being implemented. Such

research would probably reveal hidden effects.

5.1.2.2 Affective-Motivational Outcomes

In addition to the differentiated effects on performance that have not been sufficiently
researched thus far, the effects on affective-motivational outcomes have also been mostly
neglected. Given that math self-concept and math anxiety are essentially related to students’
math performance and their engagement in math (Ashcraft & Krause, 2007; Chinn, 2009; Guay
et al., 2003; Marsh & Martin, 2011), a learning program, even if it does not increase
performance in the first step, can be effective in the long term by improving math self-concept
or reducing math anxiety. Indeed, the results of a meta-analysis by Fadda et al. (2022), which
is, to the best of our knowledge, the only existing meta-analysis regarding the motivational
effects of math learning programs, showed that providing math learning programs can foster
students’ motivation. The authors pointed out that the highest effects were found in studies that
operationalized motivation as expectancy of success and related beliefs about competence (i.e.,
self-concept) in contrast to value components (Fadda et al., 2022). However, as only three
studies were of high methodological quality and met the criteria to be included in the meta-
analysis regarding the effects of math self-concept, more research is needed here. Further, only
very few studies so far have focused on the effects of math learning programs on the reduction

of math anxiety. In their intervention study, Huang et al. (2014) showed a decrease in math
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anxiety from pretest to posttest, whereas Hung et al. (2014) did not find any effects of their
intervention on math anxiety. However, both studies only had a small experimental sample,
with 25 students each per condition. Moreover, the studies differed substantially in their number
of treatments during the intervention: Huang et al. (2014) had 40-min sessions twice a week
over six weeks, therefore, this was a more distributed intervention, whereas, in contrast, Hung
et al. (2014) only had one 240-min session. Hence, this was a more massed intervention. These
results might indicate that a more distributed intervention over a longer period of time is needed
to reduce math anxiety, as students probably need some time to perceive tasks as being
controllable. However, the authors only supervised the practice sessions and did not control for
the number of tasks that were actually practiced during their intervention. This lack of data

brings us to the last desideratum.

5.1.2.3 Considering Practice Behavior

Many studies only provided students with a learning program and then evaluated whether such
an intervention made a difference in the performance of this group compared to a wait-list
control group (Bai et al., 2012; Chang et al., 2015; Huang et al. 2014; Hung et al. 2014; Shin et
al. 2012). This approach neglects the actual practice behavior of the students. However, as
researchers have already shown in meta-analyses that short-term math learning program
interventions lead to higher effectiveness, due to higher student engagement at the beginning
of the intervention (novelty effect) than long-term interventions (Hillmayr et al., 2020; Sung et
al., 2017), practice behavior needs to be considered.

The body of literature on practice behavior shows that students need to practice regularly
over a longer period of time to achieve the best performance outcomes (Barzagar Nazari &
Ebersbach, 2019; Carpenter et al., 2012; Vlach & Sandhofer, 2012). Thus, it is reasonable to
assume that a math learning program may fail to have effects because students simply practiced
too little with the program. This assumption cannot be tested simply by investigating the effects
of the provision of a learning program. Indeed, some experimental studies supervised students’
practice sessions with a math learning program in classrooms to ensure that they practiced a
given number of tasks (Huang et al., 2014; Rodrigo, 2011; Shin et al., 2012; Van den Heuvel-
Panhuizen et al., 2013), and all were able to show student performance gains. However, this
approach can only provide limited information about how students interact with the program
when they are not supervised, not only in school but, for instance, also at home. With regard to
increasing digitalization and the possibility of using log and trace data, researchers should take
advantage of this potential to uncover hidden behavioral patterns in a more naturalistic setting

(Baker & Inventado, 2014; Haleva et al., 2021). Unfortunately, the number of studies that took
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log and trace data into account is still rather modest. The few studies referring to such data
mostly considered the time spent practicing with math learning programs (Haleva et al., 2021;
Hassler Hallstedt et al., 2018; Louw et al., 2008; Spitzer, 2022), and they all were able to show
that time spent practicing improved student performance. Another approach that can be
employed to take practice behavior into account is to consider the number of tasks practiced by
the students in the program. This is more of an in-depth approach in contrast to the time spent
practicing as, for example, students can solve 10 tasks in 10 min if they concentrate but can
solve only two tasks in the same 10 min if they are distracted. Jansen et al. (2013) showed that
performance improvement in the program Math Garden was mediated by the number of tasks
attempted. The authors also considered practice behavior in terms of practiced tasks when
investigating effects on motivation-related variables (i.e., perceived math competence) and
math anxiety, but they did not find any effects (Jansen et al., 2013). This might be due to
practiced tasks not being the optimal indicator to show the effects of practice behavior on
affective-motivational variables. Another alternative, which has not yet been considered in
research, would be to include the number of weeks over which students practiced with the
program as practice behavior (referred to from here on as “practiced weeks”). As the practiced
tasks are more a measure of quantity, the practiced weeks better reflect how regularly students
practiced with a program (i.e., distributed practice behavior). As previous studies have already
shown that students benefit most from math learning opportunities if their practice behavior is
distributed (Barzagar Nazari & Ebersbach, 2019; Schutte et al., 2015), including the number of

practiced weeks could represent a new and valuable facet of practice behavior.

5.1.3 The Present Study

This study addresses three research desiderata on math learning programs and provides
empirical data that can be used for future investigations. First, we used distinct arithmetic
performance measures (i.e., addition and subtraction) to investigate potential performance
increases on a detailed level. Second, we considered aftfective-motivational outcomes (i.e., math
self-concept and math anxiety) to investigate in which different ways students may benefit from
the implementation of Math Garden. Third, we took practice behavior in terms of practiced
tasks and practiced weeks in Math Garden for all outcomes into account (i.e., performance and
affective-motivational variables), as missing effects might occur because students practiced too
little. This resulted in three research questions regarding the provision of Math Garden and

students’ actual practice behavior in terms of practiced tasks and practiced weeks:
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How does the provision of Math Garden affect students’ addition and subtraction performance,
their math self-concept, and their math anxiety? On the basis of the theoretically assumed
promising program features, we expected that the provision of Math Garden would improve
(H1.1) students’ addition and (H1.2) subtraction performance. We assumed that the program
would additionally (H1.3) increase students’ math self-concept and (H1.4) decrease students’
math anxiety.

How does the number of addition and subtraction tasks practiced affect students’ addition
and subtraction performance, respectively? How does the number of all math-related tasks
(including addition, subtraction, and other types of math tasks, see Section 2.3.4) practiced in
Math Garden affect students’ math self-concept and their math anxiety? We expected that
(H2.1) the more students practiced addition tasks during the intervention, the higher their
addition performance after the intervention would be. We expected that (H2.2) the more
students practiced subtraction tasks, the higher their subtraction performance would be.
Moreover, we expected that students who practiced more math-related tasks overall would have
(H2.3) a higher math self-concept and (H2.4) lower math anxiety after the intervention because
they received more positive feedback due to the adaptive algorithm.

How does the number of practiced weeks spent on addition and subtraction tasks (referred
to from here on as “practiced weeks of addition or of subtraction”) affect students’ addition and
subtraction performance, respectively? How does the total number of practiced weeks
(including weeks spent practicing addition, subtraction, and other types of math tasks, see
Section 2.3.4) in Math Garden affect students’ math self-concept and their math anxiety? We
expected that (H3.1) students who spent more weeks practicing addition would have higher
addition performance. We expected that (H3.2) students who spent more weeks practicing
subtraction would have higher subtraction performance. Moreover, we expected that students
who spent more weeks practicing with Math Garden overall would have (H3.3) a higher math
self-concept and (H3.4) lower math anxiety after the intervention.

We addressed our research questions and hypotheses with a pretest-posttest control group
design with a random assignment of students on the class level, assessing the suggested student
outcomes with objective measures outside of Math Garden, which is a major strength of this
study. The time period spent practicing with the program in our study was substantial (M = 20.7
weeks), and we had a large sample (N = 376) with similar numbers of students in both groups.
We chose to use Math Garden because it is a low-cost program that was designed to be easily
implemented in schools and to track students’ practice behavior. To ensure the robustness of

our findings, we considered several important control variables in our analyses. We controlled
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for students’ pretest scores to account for differences in their baseline levels. Moreover, we
controlled for students’ gender and a possible migration background because previous studies
showed that these variables had effects on our outcome variables (Liu & Wilson, 2009; Marsh
& Yeung, 1998; Van Mier et al., 2018). As addition and subtraction performance was measured

on tablets in a speed test, we also checked for typing speed (Hassler Hallstedt et al., 2018).

5.2 Materials and Methods

5.2.1 Design and Procedure

Student data were collected in schools from October 2019 (Ti) to March 2020 (T2) in
compliance with data protection requirements, and the study was approved by the institutional
ethics committee. Participation in the study was voluntary and parental permission was obtained
before students participated in the study.

The participating classes completed math performance tests and answered questionnaires
assessing the relevant variables of interest for our study. A testing session lasted approximately
1.5 h and was done with tablets. All students were tested within a three-week period. At the end
of the initial testing session, the classes were randomly assigned either to an experimental group
or to a wait-list control group. Hence, variance differences between schools were controlled for.
The students in the experimental group received a 10-min introduction to Math Garden and
accessed the program on tablets using personalized login data provided by their teachers. While
practicing, they got a brief oral introduction to the main program principles. At the end of the
introductory practice session, students were told that they were allowed to, and should, practice
with the program at home and in class on available digital devices (e.g., desktop computer,
tablet, or smartphone). Their teacher also received a short written introduction to Math Garden
and was asked to integrate the program into regular math lessons, to assign it for homework, or
to use it during supervision classes, which provided him or her with many opportunities to
individually adapt the use of Math Garden to meet all students’ needs. Students could access
the program for, on average, 20.7 weeks. Their weekly practice behavior was tracked. Three
classes did not have personal login data during the initial testing session due to technical
problems. These students were introduced to the program in a 5-min presentation. The teachers
were asked to introduce the students to the program in more detail later. In March 2020, after
22 weeks, the classes were tested again, and the students answered questionnaires. After this

testing session, the wait-list control group received access to Math Garden.
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5.2.2 Sample

The data for this study were obtained from a sample of 376 fifth graders from 21 classes at
seven urban comprehensive (non-academic-track) schools in northern Germany. While
academic-track schools in Germany prepare students primarily for higher education, non-
academic-track schools offer different levels of school degrees (Maaz et al., 2008).

We excluded one student due to an implausibly high level of practice (more than 2000 tasks
within one week), which might have been caused by siblings also practicing with the program,
and we excluded another five students because they had missing data on all relevant variables,
such as questionnaire data and practice data. The final sample then consisted of 200 students in
the experimental condition (50.0% male, 53.4% with a migration background) and 170 students
in the wait-list control condition (52.7% male, 43.2% with a migration background). The two
conditions did not differ significantly in their pretest mean values (see Table 5.1). A priori power
analyses (Faul et al., 2007; 2009) showed that for between-group analyses (Research Question
1), setting the estimated effect size d to 0.30 and assuming a power of at least .80 with an a-
level of .05, a sample size of 176 students per group would be needed. Further, for within-group
analyses (Research Questions 2 and 3), setting the estimated effect of R* to .08, assuming a
power of at least .80 with an a-level of .05, a sample size of 154 students would be needed.
Unfortunately, the posttest coincided with the COVID-19 lockdown in March 2020 in eight
classes, which led to missing data on all posttest scores for 66 (33%) students in the
experimental condition and for 50 (29%) students in the wait-list control condition. We did not

exclude these students from our analytic sample (see Section 2.4 for missing data handling).
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Table 5.1

Descriptives of Self-Report and Performance Measures

Condition
All Students  Wait-List Control Experimental
N=370 n=170 n =200
M SD M SD M SD
Math addition performance T 5.61 3.12 5.74 3.23 5.49 3.05
Math addition performance T 7.90 2.77 7.83 291 7.97 2.66
Math subtraction performance T, 5.20 3.63 541 3.58 5.01 3.67
Math subtraction performance T» 6.62 3.69 6.71 3.53 6.56 3.85
Math self-concept T 2.70 0.82 2.67 0.84 2.72 0.81
Math self-concept T> 2.73 0.83 2.59 0.86 2.85 0.78
Math anxiety T, 3.36 1.21 3.28 1.22 3.44 1.21
Math anxiety T 3.20 1.26 3.17 1.22 3.23 1.30
Gender?® 0.49 0.50 0.47 0.50 0.50 0.50
Migration background T1° 0.49 0.50 0.43 0.50 0.53 0.50
Tablet typing speed T 7.88 2.36 8.12 2.27 7.66 2.43

Note. Reference categories: male. ® no other languages spoken at home besides German.

5.2.3 Measures

5.2.3.1 Addition and Subtraction Performance

We used the addition and subtraction scales of the Heidelberg calculation test by Haffner et al.
(2005) to measure math performance. Each scale consists of 40 items that become increasingly
difficult. Students are instructed to solve as many items as possible in 120 s. Thus, this test also
assesses quick mental arithmetic, which is exactly what students were asked to practice in Math
Garden. As our goal was to measure changes in student performance, we expected most
performance improvement to occur on items with high item-scale correlations. However, due
to the conceptual design of the Heidelberg calculation test, including all items might
systematically underestimate the predictive power of the change diagnostics because the first
items may cause ceiling effects, and a speed component may affect the last items, which could
result in these items then having low item-scale correlations. Therefore, we decided to make an
item selection, and we only considered items that had an item-scale correlation higher than .50

(Item 14 to 24 for the addition scale and Item 15 to 25 for the subtraction scale) for performance
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scores. We found good retest reliability values for the addition (7 = .52) and subtraction scales
(r# = .62). To ensure transparency, we additionally ran our analyses with items that had an item-

scale correlation higher than .30 and with all items that the students completed.

5.2.3.2 Math Self-Concept

Math self-concept was measured with a scale adapted by Koller et al. (2000). The scale consists
of five items (e.g., “I would prefer to do math if the subject was not that difficult.”), which have
to be answered using a four-point Likert scale (1 = does not apply at all to 4 = fully applies).
All items were reverse coded so that high scores represent a high math self-concept. Cronbach’s
alpha was .83 in the pretest and .84 in the posttest. Further, the pre- and posttest scores
correlated significantly (7, = .64).

5.2.3.3 Math Anxiety

Math anxiety was measured with a subscale from the Math Anxiety Rating Scale for Fourth to
Sixth Grades by Roick et al. (2013). The scale consists of five items (e.g., “How nervous do
you feel when a math test is written?”’), which have to be answered using a five-point Likert
scale (1 = not nervous at all to 5 = very nervous). Cronbach’s alpha was .90 in the pretest and

.92 in the posttest. The pre- and posttest scores here were also significantly correlated (= .37).

5.2.3.4 Practice Behavior with Math Garden
Math Garden is an adaptively working web-based learning program. The adaptive algorithm is
based on the Elo (1978) rating system, which allows for on-the-fly estimation of item difficulty
and person ability parameters (for further information, see Klinkenberg et al. 2011). After
solving a task correctly, students receive positive feedback and are presented with a new task
with a similar or slightly higher difficulty level. After solving a task incorrectly, students receive
corrective feedback and are presented with a new task with a similar or slightly lower difficulty
level. Students cannot repeat previous tasks.

Math Garden automatically tracks the number of tasks completed per domain per week
(log files). Thus, for each student, we estimated six practice frequency scores: We calculated
the number of tasks completed in the domains of addition and subtraction, respectively. We
calculated the number of weeks for which students practiced addition tasks and subtraction
tasks, respectively. We calculated an overall practice frequency score by calculating the total
number of math-related tasks completed in Math Garden, which included tasks on addition,
subtraction, multiplication, division, mix (mixture of basic arithmetic operations), counting (of
objects), series (logical completion of a given number series), numerals (tasks in which numbers

must be combined to obtain a desired target number), and tables (multiplication tables tasks
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from 1 to 10), and we calculated the total number of practiced weeks for all math-related tasks

for each student. The descriptives for these six different scores are reported in Table 5.2.

Table 5.2

Descriptives of Practice Behavior in Math Garden for the Experimental Condition

M SD Range
Addition tasks practiced 177.81 268.08 0-2412
Subtraction tasks practiced 54.63 120.78 0-1369
Overall tasks practiced 1090.91 1366.94  11-8406
Practiced weeks of addition 2.74 2.12 0-10
Practiced weeks of subtraction 1.72 1.67 0-12
Overall weeks practiced 4.62 2.96 1-13

Note. Experimental condition only. n = 200.

We had a maximum observation period of 22 calendar weeks (Calendar Week 43 in 2019
to Calendar Week 12 in 2020). The observation period varied for two reasons: First, single
classes were tested (i.e., pretest and questionnaire) over a period of three weeks at the beginning
of the study (for logistical reasons), and second, three teachers did not provide the login data to
their classes at the start of our study. On average, the program was available to the students for
20.7 weeks (SD = 1.61, min = 17, max = 22).
5.2.3.5 Covariates
Students’ gender was coded as 0 = male and 1 = female. A migration background was assessed
with the following item: “Are other languages spoken at home besides German?” with 0 = no
and 1 = yes as the answer options (Happ et al., 2021). The speed scale of the Heidelberg
calculation test (Haffner et al., 2005) was used to control for how fast students were at tapping

on tablets.

5.2.4 Data Analysis

To answer our research questions, we ran a total of 12 multiple regression analyses in Mplus
(Version 8.5; Muthén & Muthén, 2008-2020). Addressing the question of how the provision of
Math Garden affects addition and subtraction performance, math self-concept, and math
anxiety, the predictor was the group assignment (0 = wait-list control group, 1 = experimental
group, four multiple regression models). This dummy-coded variable makes it possible to
statistically test mean differences between the different groups (Cohen et al., 2003). The

dependent variables were the posttest scores when controlling for pretest scores and the other
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covariates. We additionally calculated effect sizes (Cohen’s d) to estimate the size of the mean
differences.

To investigate the degree to which practice behavior with Math Garden affected our

outcomes, we only analyzed the experimental group, as the wait-list control group did not
generate any practice data in Math Garden. The dependent variables were the posttest scores
when controlling for pretest scores and other covariates, but the predictors were either the
number of practiced tasks (Research Question 2, four multiple regression models) or the number
of practiced weeks (Research Question 3, four multiple regression models). However, due to
our two distinct subdomain performance measures (i.e., addition and subtraction), we made
further differentiations: We used the number of addition tasks practiced/practiced weeks of
addition to predict addition performance and the number of subtraction tasks
practiced/practiced weeks of subtraction to predict subtraction performance. As we assumed
that the effects on math self-concept and math anxiety would be less related to the practicing of
specific tasks (e.g., addition or subtraction) and more related to feedback mechanisms such as
the adaptive algorithm, we used the number of all tasks practiced/all weeks practiced in Math
Garden to predict math self-concept and math anxiety, respectively.
As we made an item selection (item-scale correlation > .50) for the performance measures, we
additionally ran robustness analyses for all of the models that included performance measures.
For this, we calculated the effects on performance again with items that had item-scale
correlations higher than .30 (Item 9 to 28 for the addition scale and Item 11 to 30 for the
subtraction scale) and with all items answered by the students. These results are provided in the
online material (see Tables S5.1-S5.4).

Because students were nested within classes, we took the two-level nature of the data into
account by using the TYPE = COMPLEX command. The COMPLEX command adjusts
standard errors for nonindependence within classes. Therefore, nonindependence within classes
was accounted for but not explicitly modeled. Further, we used the robust maximum likelihood
estimator to obtain standard errors that were robust to nonnormality (e.g., Bandalos, 2014;
Maydeu-Olivares, 2017). To ease the interpretation, all continuous independent variables were
z-standardized (M =0, SD = 1).

In many empirical studies, missing data are a potential methodological problem. We
found missing data on all variables. Regarding the self-reported and test measures, this was
because some students in our final analytic sample were absent during at least one of both
testing sessions (N = 156), for different reasons. On the one hand, dropouts resulted in the

following missing data pattern: Four students participated in neither the pretest nor the posttest,

128



5 Study 2: Effects on Performance, Self-Concept, and Anxiety

but they provided Math Garden data, 10 students did not participate in the pretest but did
participate in the posttest, and 26 students participated in the pretest but did not participate in
the posttest. On the other hand, the posttest coincided with the COVID-19 lockdown in March
2020 in eight classes, which led to further missing data on all posttest scores for 66 (33%)
students in the experimental condition and for 50 (29%) students in the wait-list control
condition, although we tried to collect information on the self-reported measures with an
additional online survey. Statistical comparisons between the group of students with missing
data and the group of students without missing data are provided in the online material (see
Table S5.5). The results show that the two groups did not differ regarding their self-reported
measures and performance test, but the group of students with missing data had lower practice
behavior scores, except for the addition domain. Moreover, three students participated in at least
one testing session and received login data, but it was not possible to match their responses
from the testing session to their practice data, which then resulted in missing practice data.
Overall, the percentage of missing data varied from 0% on group assignment to 41.6% on math
self-concept (T2), with an average missing rate of 11.6%. To handle the missing data, we used
the full information maximum likelihood approach, which means that missing values were not
imputed or filled in, but model parameters and standard errors were directly estimated using all
available raw data while no data points were excluded (Enders, 2001; 2022). Thus, we avoided

listwise deletion of students with missing data on single measurement occasions.

5.3 Results

5.3.1 Descriptives and Preliminary Analyses

The means and standard deviations for the self-report and performance measures are reported
in Table 5.1. #-tests revealed that pretest scores and the measured covariates did not significantly
differ between the two conditions, which suggests that the randomization on the class level
worked well. Regarding our relevant study variables, we noticed that, on average, math self-
concept scores descriptively dropped from pre- to posttest in the wait-list control condition, but
we found an increase in the experimental condition. The mean values for the performance
measures descriptively increased in both conditions, and anxiety scores slightly decreased on
average in both conditions from pre- to posttest.

Table 5.2 displays the descriptives of practice behavior in Math Garden. The high
variance of practiced tasks over the 22-week period is noticeable. Overall, students practiced,

on average, for 4.62 weeks (SD = 2.96) with Math Garden, with a minimum of one week and a
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maximum of 13 weeks. Tables 5.3 and 5.4 show the correlations between the independent
variables and the dependent variables for all students and for the experimental group only.
Regarding the possible effects of Math Garden on our outcome variables, we found significant

correlations for group assignment with math self-concept at T> (= .12, p =.031; see Table 5.3).
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5.3.2 Effects of Providing Math Garden

Our first research question concerned differences between pre- and posttest scores concerning
addition and subtraction performance, math self-concept, and math anxiety between the wait-
list control group and the experimental group. After controlling for gender, a possible migration
background, and tablet typing speed, we found a statistically significant effect of providing
Math Garden on students’ math self-concept (see Table 5.5). As expected (H1.3), providing
students with Math Garden fostered their math self-concept in contrast to the wait-list control
condition (f = .12, p = .002; d, = 0.26). According to Cohen (1988), this effect size can be
described as small. Concerning our Hypotheses H1.1, H1.2, and H1.4, we did not find any

significant effects.

5.3.3 Effects of Practiced Tasks

To answer our second research question, we examined how the number of tasks practiced in
Math Garden affected addition and subtraction performance, math self-concept, and math
anxiety in the experimental group (see Table 5.6). After controlling for gender, a possible
migration background, and tablet typing speed, we found a statistically significant effect of the
number of subtraction tasks practiced on students’ subtraction performance. As expected
(H2.2), the more subtraction tasks students practiced, the higher their subtraction performance
was (B = .10, p = .008). Regarding Hypotheses H2.1, H2.3, and H2.4, we did not find any

statistically significant effects.

5.3.4 Effects of Practiced Weeks

Addressing our third research question, we examined how the number of practiced weeks in
Math Garden predicted addition and subtraction performance, math self-concept, and math
anxiety in the experimental group (see Table 5.6). We did not find any statistically significant
effects regarding our hypotheses (H3.1-H3.4) in the original analyses. However, in further
analyses (the results of which are provided in the online material, see Table S5.4), we found—
as expected—that the more weeks students spent practicing addition in Math Garden, the higher
their addition performance in the posttest was (B = .13, p = .015). In these analyses, math
addition performance was measured with items that only had item-scale correlations higher than
.30. In the original analysis, this effect was marginally significant. We discuss the implications

of this result in the following section.
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Table 5.6

Results on Effects of Practice Behavior

Addition Subtraction Math Math
Performance Performance Self-Concept Anxiety
p SE p p SE p p SE p p SE p
PRACTICED TASKS
Predictors
Outcome at T 42 .13 .001 .65 .07 .000 54 .07 .000 37 .08 .000
Practiced tasks .03 .09 .767 10 .04 .008 -01 .10 .931 .08 .11 .455
Covariates
Gender” -10 .08 205 -—-14 .10 .152 -20 .11 .070 21 .13 .114
Migration background T;® —.03 .06 .593 08 .07 278 -—-09 .08 .242 25 11 .027
Tablet typing speed T 23 .15 128 .03 .09 .746 00 .12 .990 .01 .07 .865
R? 31 A48 41 25
PRACTICED WEEKS
Predictors
Outcome at T 42 .12 .001 .63 .08 .000 54 .07 .000 37 .07 .000
Practiced weeks A1 .06 .081 05 .05 363 —-01 .06 .815 A1 .07 113
Covariates
Gender? -11 .07 .123 -15 .09 .107 -20 .11 .068 21 .13 .105
Migration background T\® —.03 .06 .589 —.08 .08 .316 —.09 .08 .282 25 .12 .038
Tablet typing speed Ti 24 16 118 .04 .09 .635 .00 .13 .988 .01 .07 .935
R? 33 47 41 .26

Note. Significant coefficients are printed in bold (p < .05). Continuous predictors were standardized

(M =0; SD =1). n=200. Reference categories:  male. ® no other languages spoken at home besides German.

5.4 Discussion

By addressing new approaches that can be taken to continue investigating math learning

programs, the aim of this study was to explore the effects of the arithmetic learning program

Math Garden on distinct subdomain performance measures and on affective-motivational

outcomes (i.e., math self-concept and math anxiety), while also taking practice behavior in

Math Garden into account. The results supported only some of our hypotheses. We were able

to show that providing Math Garden fostered students’ math self-concept, in contrast to a wait-
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list control condition, and we also showed that the more subtraction tasks students practiced in
Math Garden, the higher their subtraction performance in the posttest was. While the items
selected for analysis did not show an effect of practiced weeks of addition on students’ addition
performance in the posttest, an extension to include items with item-scale correlations higher
than .30 indicated that the number of practiced weeks of addition was related to students’

addition performance. Our other hypotheses were not confirmed.

5.4.1 Effects of Math Garden on Math Performance

We did not find any effects of the mere provision of Math Garden on addition or subtraction
performance. Given the ongoing debate about the effectiveness of math learning programs
(Byun & Joung, 2018; Pellegrini et al., 2021), this lack of performance effects is not entirely
unexpected and again highlights the problem of heterogeneous research findings in this area
(Tokac et al., 2019). However, by only investigating the effects of providing the program, many
studies are limited at this point, and one can only speculate about why missing effects occur.
One possible explanation for the missing results might be that Math Garden does not help
students improve their addition and subtraction skills. However, as we would expect Math
Garden to have only small effects on students’ learning because the program does not intend to
teach students new content but rather to repeat what has already been learned, these expected
small effects might be especially difficult to reveal if students have not practiced much with the
program.

Thus, an alternative possible explanation would be that students did not practice enough
with the program to benefit from it, but to make any further suggestions about this, practice
behavior needs to be taken into account. In our study, we considered two different types of
practice behavior, namely, the number of practiced tasks and the number of practiced weeks.
Whereas, for this study, the number of practiced tasks was primarily a measure of quantity, the
number of practiced weeks might better reflect the quality of the practice, that is, how regularly
students practiced with the program. We found an expected effect of the number of subtraction
tasks practiced on subtraction performance, but we did not find an effect of practicing addition
tasks on addition performance. In terms of the number of practiced weeks, we found an inverse
pattern, that is, we did not find an effect of the number of practiced weeks of subtraction on
subtraction performance, but we found an expected positive effect of the number of practiced
weeks of addition on addition performance. However, this second effect only occurred when
performance was measured with items that had item-scale correlations higher than .30. In

contrast, the main analysis was conducted with items that had item-scale correlations higher
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than .50. Thus, this result needs to be interpreted with caution and can only be generalized to a
very limited extent. The effects of subtraction tasks practiced on subtraction performance seem
to be more robust because we found this effect in all of our analyses.

In general, according to our G*Power analyses (Faul et al., 2007; 2009), the missing
effects of practice behavior might be explained by the reduction of sample size due to the
COVID-19 school closures and, thus, a loss of power. Hence, for future research, we
recommend that this study is replicated in a bigger sample. Further, inactivity and dropout rates
are serious issues when investigating the effects of learning programs, and they might explain
missing effects as well (Bacca-Acosta & Avila-Garzon, 2021; Spitzer & Musslick, 2021).
Students might have shown high engagement with Math Garden right after receiving it, which,
in turn, might have resulted in short-term performance increases, but they might then have
become inactive in the long-term so that effects were no longer detectable, especially at the end
of a longer intervention such as ours. Thus, on the one hand, we would like to emphasize the
importance of investigating how to put students in a mindset where they continuously and
systematically engage with such learning programs (Spitzer & Musslick, 2021). On the other
hand, future studies could assess performance not just once in a posttest but could instead
measure it in small steps, that is, several times within the intervention period, in order to get
more insight into what really happens during the use of such a learning program. Still, the
finding that practice behavior had no effects on addition performance but it did on subtraction
performance might also be due to subtraction being more difficult than addition (Anderson et
al., 2022; Kamii et al., 2001). Possibly, this is why practicing with Math Garden was particularly
helpful for the subtraction domain.

However, surprisingly, we found an effect only for the number of subtraction tasks
practiced and not for the number of practiced weeks of subtraction. Given the assumptions
about distributed learning behavior, which means that practice is most effective when practice
sessions are spaced out over time with breaks in between rather than when tasks are repeated
in immediate succession (i.e., massed practicing; Carpenter et al., 2012; Gerbier & Toppino,
2015; Toppino & Gerbier, 2014), it is reasonable to assume that the practiced weeks are a
relevant indicator. Missing effects might be because most students practiced only for a small
number of weeks and, thus, only little—and probably not meaningful—variance was created
within the variables for the practiced weeks. Therefore, future research might systematically
vary the practiced weeks, for instance, by reminding a subpopulation of students every day to
practice for five minutes. Further, future research might combine the practiced weeks with the

practiced tasks measure because, with the current approach, for instance, a student who
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practiced 100 tasks in four weeks has the same score as a student who practiced 10 tasks in four
weeks. Thus, in terms of challenging the hypotheses on massed and distributed practice
behavior, future studies might investigate a moderation between the practiced weeks and the
practiced tasks. As showing such an interaction effect would require even higher statistical
power (e.g., through a sufficiently large sample size; Aiken & West, 1991), we concentrated on
considering the practiced tasks and practiced weeks separately as direct effects. Additionally,
our results indicate that both measures were highly correlated. Hence, suppressor effects might
become a problem for future studies investigating such an approach. Thus, we recommend
ensuring not only that there are students who practice few tasks in few weeks and many tasks
in many weeks but also that there are students who practice few tasks in many weeks and many
tasks in few weeks. Still, as no previous study ever took the measure of practiced weeks into
account, our approach provides initial, valuable information on how to employ a new practice

behavior measure regarding math learning programs.

5.4.2 Effects of Math Garden on Math Self-Concept

Our results suggest that, as expected, providing students with Math Garden fostered their math
self-concept in contrast to a wait-list control condition. Considering the fact that math self-
concept is one of the most important predictors of later performance (Eccles & Wigfield, 2020;
Guay et al., 2003; Marsh & Martin, 2011), this is a very promising result. Interestingly, the
provision of Math Garden in our study seemed to have a buffering effect. While we
descriptively observed that math self-concept in the wait-list control condition declined over
the intervention period, which is in line with previous research that suggested an overall
decrease in self-concept over a school year (Eshel & Klein, 1981; Fraine et al., 2007), the
provision of Math Garden appeared to counteract this decline and also led to a significant
increase in math self-concept. Thus, students seemed to benefit from Math Garden regarding
their math self-concept, which is why we can recommend implementing the program in
classrooms. Further, this result is also in line with earlier research: In a Dutch sample, Jansen
et al. (2013) showed a small but positive effect of providing Math Garden on perceived math
competence, which is a construct that is closely related to math self-concept (Lee, 2009).
However, they only had an intervention duration of 11.1 weeks on average, and their effect can
thus be assumed to be modest because of the short intervention period (Jansen et al., 2013). By
replicating this result in a German sample with an intervention duration almost twice as long,

our finding supports its robustness.
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Further, keeping in mind that the students in our sample all came from non-academic-
track schools, it is reasonable to assume that they were mostly lower achievers. Although
research results have already shown that math learning program interventions can be especially
effective for low-achieving students regarding performance (Hassler Hallstedt et al., 2018; Ran
et al.,, 2021), effects on affective-motivational outcomes have not yet been considered.
However, as low-achieving students, in particular, might have unfavorable motivational
prerequisites after continuous experiences of failure, future research should also focus on
investigating such effects in this subpopulation. The results of our study might be the first
indication that such interventions have the potential to foster low-achieving students’ math self-
concept, which is promising and thus needs further investigation.

Contrary to our expectations, we did not find an effect of practice behavior on math self-
concept. This result is in line with research by Jansen et al. (2013), who were not able to show
any effects on the construct of perceived math competence, which is related to math self-
concept when considering the practiced tasks in Math Garden. Given the positive effects of
providing Math Garden on students’ math self-concept, one might conclude that the amount of
feedback students receive when practicing with the program does not influence the extent to
which the program fosters their math self-concept. An explanation for this missing effect of
practice behavior might be found in the study results of Bernacki et al. (2015), who investigated
the effect of feedback on the motivational construct of self-efficacy. They showed that feedback
on the correctness of tasks affected self-efficacy, especially at the beginning of the training
session. However, over time, the previous self-efficacy became more and more predictive of
further self-efficacy, while the number of correct answers, and thus positive feedback, became
less important. The authors postulated that positive feedback has a positive effect, especially at
the start of a learning activity, but that self-efficacy then stabilizes (Bernacki et al. 2015). This
might be the same with math self-concept. To test such an assumption for practice behavior
with Math Garden, future research that assesses math self-concept multiple times during the

intervention period is needed.

5.4.3 Effects of Math Garden on Math Anxiety

We did not find any effects of providing Math Garden or of practice behavior with Math Garden
on math anxiety. These missing findings are in line with research from Jansen et al. (2013), who
were also not able to show any effects on math anxiety. Regarding these missing effects,
research by Hilz et al. (2023) showed that math-anxious students generally practice less with

math learning programs. Thus, math anxious students might not have benefited from the
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adaptive algorithm as they practiced too little to notice that the program adjusted tasks to their
ability level. In turn, they might not have perceived tasks in Math Garden to be controllable,
which is why math anxiety did not decrease. Furthermore, many authors have pointed out that
math anxiety is a phenomenon that begins at a young age and is, therefore, deeply rooted in
students (Ashcraft & Krause, 2007; Bekdemir, 2010; Ramirez et al., 2013). Therefore, although
students’ experiences with Math Garden in the present investigation might have been positive
due to the adaptive algorithm and, therefore, a sufficient amount of positive feedback might
have been received, these experiences may not outweigh negative math experiences in the past
(Jansen et al. 2013).

Additionally, our math anxiety items mainly focused on math test anxiety, which is only
one dimension of math anxiety. Research has already shown that math anxiety has other facets
and components, such as an affective and a cognitive component (Wigfield & Meece 1988), or
a trait and a state component (Orbach et al., 2019). Again, to get a more detailed view of the
underlying effects of math learning programs, future investigations might include these
different components in their investigations. Future research might also experimentally
investigate in more detail whether the manipulation of specific program elements has the
potential to reduce math anxiety. For example, the developers of Math Garden recently
implemented the option of hiding coins when students solve the tasks. Normally, while a
specific task is being presented, coins spilling out under the task symbolize the remaining time
to give an answer. The more quickly students give the correct answer, the more remaining coins
they receive as a reward. However, these coins might put pressure on math-anxious students in
particular because working memory capacities might be even more reduced (Ashcraft & Kirk,
2001; Hunt & Sandhu, 2017). Hence, turning off this visibly expiring time might have a positive

effect on students’ math anxiety.

5.4.4 Limitations

Even though our study provides new insights into how math learning programs like Math
Garden potentially affect students’ performance, their math self-concept, and their math anxiety,
our analyses have limitations that need to be considered when interpreting the results. As
already mentioned, the posttest sample size was reduced due to school closures because of the
COVID-19 lockdown. Even though this sample dropout appeared to be unsystematic, as we did
not suggest testing dates to schools with any specific strategy, and the two subsamples did not

differ in their pretest scores, the consequence was a loss of power according to our G*Power
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analyses (Faul et al., 2007; 2009). Hence, for replicating the robustness of our desirable finding
on math self-concept, we recommend replicating our findings in a larger sample.

Due to the fact that most high-achieving students in Germany attend academic-track schools,
our sample, which only included non-academic-track schools, consisted of, on average, lower-
achieving students. Therefore, the results cannot be generalized to all types of German schools.
In turn, as we also did not explicitly consider low achievement, our results can also not be fully
generalized to all low-achieving students.

Further, we did not collect information about the environment (i.e., at home or in school)
in which students practiced with Math Garden. We assume that using Math Garden voluntarily
at home might be more effective regarding performance than using Math Garden during math
lessons at school because using Math Garden outside of school means extra learning time. For
instance, Bakker et al. (2015) showed that their math learning program intervention was most
effective when students practiced at home after being introduced to the program at school.
Future research might investigate whether students benefit more from extra practice time at
home in contrast to practice time during math lessons.

Moreover, school, teacher, and parental characteristics might have affected our outcome
variables. For instance, schools vary in their digital infrastructure and, thus, in the availability
of digital devices (Eickelmann et al., 2019; Stanat et al., 2022). Because we randomized
students on the class level, the variance between schools should have been controlled for.
However, because of the design of our study, we were only able to control for variance
differences between classes. Hence, we were unable to consider teacher variables at Level 2 to
investigate variance between classes. However, as teachers vary in their competencies and
attitudes towards the use of digital media in the classroom (Eickelmann et al., 2019), it is
reasonable to assume that such characteristics might have affected our outcomes as well.
Further, it would be interesting to know the extent to which teachers used Math Garden during
their math instruction. Moreover, we were also not able to take parental characteristics into
account. The results of previous research on the quality dimensions of parental homework
involvement have already shown that, for instance, high parental control inhibits students’
academic functioning and achievement (Guill et al., 2020; Moroni et al., 2015). Further, we did
not know what type of digital devices students used to practice with Math Garden at home. As
research on the motives for using digital devices has already shown that, for instance,
smartphones are often used for entertainment-related and social-interactive purposes, whereas
desktop computers offer better possibilities for information and learning-orientated use (Napoli

& Obar, 2014), we assume that students might be more distracted when using Math Garden on
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smartphones instead of on desktop computers. This might have affected their performance.
Future research might take such variables into account.

Finally, this study had two design limitations. First, we only investigated the effects of
Math Garden compared to a “business as usual” group (i.e., students receiving regular math
instruction) that did not receive any support in the form of additional learning opportunities.
Thus, the effects of Math Garden can only be interpreted compared to the effects of not having
any additional learning opportunities. Thus, the current study rather provides evidence for the
effects of Math Garden than for the effectiveness of Math Garden. For the latter, a comparison
with another support strategy or other additional learning opportunities with the same invested
learning time would be helpful to examine if Math Garden is more effective in supporting
learners than other support strategies. Second, randomization took place on the class level rather
than on the individual level. This is standard practice when implementing a treatment in
educational research to ensure the acceptance and usefulness of the study (Plewis & Hurry,

1998), but it should, nonetheless, be kept in mind when interpreting the results.

5.4.5 Practical Implications

Although only some of our theoretical assumptions were confirmed, this study has implications
for practitioners who plan to implement a math learning program in the classroom. The distinct
performance measure approach could help teachers to decide which program to use in the
classroom or educational administrations to decide which specific programs to recommend for
classroom use because this approach can clarify which program is effective in fostering a
particular math ability (Ran et al., 2021). Thus, with the results of our study, we can recommend
that teachers use Math Garden as it might foster their students’ subtraction skills more than if
no additional learning opportunities are provided. Further investigations might also test how
Math Garden aftfects students’ multiplication and division skills.

However, our study also showed that simply providing the program did not affect
students’ performance. Thus, teachers need to actively encourage their students to practice with
Math Garden in order for them to benefit regarding their performance. This seems to apply in
particular to math-anxious students (Hilz et al., 2023). For instance, teachers might use Math
Garden at the end of every math lesson to get their students used to practicing, or they might
use it in supervision classes or assign practice as homework. Such strategies should be followed,
especially after a vacation period, as students tend to stop practicing during vacations (Hilz et
al., 2023; Hofman et al., 2018). Moreover, as Math Garden has the potential to foster students’

math self-concept, the use of Math Garden in the classroom might motivate students to further
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deal with math and math-related topics, which, in turn, might have long-term effects on future

performance (Eccles & Wigfield, 2020; Guay et al., 2003; Marsh & Martin, 2011).

5.5 Conclusions

Even though research on math learning programs has taken off in recent years (Higgins et al.,
2019; Hillmayr et al., 2020; Pellegrini et al., 2021; Sailer & Homner, 2020), the results of their
effectiveness are heterogeneous, and the programs seem to largely fail to meet the expectation
that they can fundamentally revolutionize the school system (Pellegrini et al., 2021). However,
instead of concluding that they are ineffective and potentially rejecting their use, this study
offers new ways in which future research might address math learning program evaluations and
thus adds a new perspective to the current state of research in this field. Our results suggest that
the learning program Math Garden might foster students’ subtraction skills more than when an
additional learning program is not used, but only when practice behavior is considered. Further,
we were able to show that providing Math Garden fosters students’ math self-concept. For
future investigations, we would like to encourage researchers to evaluate (math) learning
programs on a more detailed level to uncover potentially hidden effects. Thus, we recommend

that researchers take the following points into account:

e Focus on measuring distinct subdomains of performance: This can help practitioners, in
particular, to make decisions about the target group for whom the program might be
most beneficial.

e Take affective-motivational variables into account: Even if a program has no effect on
performance shortly after the intervention, performance might increase in the long term
if affective-motivational variables, which are predictors of performance, are affected by
the intervention. Again, it is also important to investigate single dimensions of these
variables in more detail, for instance, to differentiate between the cognitive and the
affective component of math anxiety.

e Consider practice behavior with log and trace data: This can provide a deeper insight
into the optimal amount of practice with (math) learning programs and which types of
students’ behavior might benefit the most from the implementation (e.g., distributed

practicing).
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5.7 Supplementary Tables

Table S5.1

Effects of Providing Math Garden on Performance With Items > .30 Item-Scale Correlation

Addition Subtraction
performance performance
pSE p pSE P
Predictors
Outcome at T S5 .10 .000 .67 .06  .000
Math Learning Program? —-.00 .07 973 -.01 07 941
Covariates
Gender® —.08 05 .162 -.09 05 117
Migration background T;° .02 .05 .709 .04 .05 425
Tablet typing speed T .05 .09  .631 -.02 .06 .769
R? 33 46

Note. Significant coefficients are printed in bold (p <.05). Continuous predictors
were standardized (M = 0; SD = 1). n = 370. Reference categories: ®wait-list control

condition. ®male. °no other languages spoken at home besides German.
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Table S5.2

Effects of Providing Math Garden on Performance With all Performance Items

Addition Subtraction
performance performance
B SE P B SE p
Predictors
Outcome at T S5 .10 .000 .65 .06 .000
Math Learning Program? .03 .07  .686 -.01 07 918
Covariates
Gender® —-.07 05 .148 —-.08 06 134
Migration background T;° —-.05 05 296 .05 05 .249
Tablet typing speed T .02 .08 788 .01 06 912
R? 32 45

Note. Significant coefficients are printed in bold (p < .05). Continuous predictors were

standardized (M = 0; SD = 1). n = 370. Reference categories: *wait-list control

condition. ®male. °no other languages spoken at home besides German.
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Table S5.3
Effects of Practice Behavior on Performance With lItems > .30 Item-Scale Correlation

Addition Subtraction
performance Performance
B SE p B SE p
PRACTICED TASKS
Predictors
Outcome at T 49 14 .000 .70 .06 .000
Practiced tasks .07 .07 316 A2 .05 .015
Covariates
Gender® —11 06  .056 —.14 10 .095
Migration background T° —-.00 05 976 —.04 .06 515
Tablet typing speed T .16 A2 (185 -.01 .08  .885
R? 34 53
PRACTICED WEEKS
Predictors
Outcome at T 49 14 .000 .68 .07 .000
Practiced weeks A37 05 .015 .06 .06 282
Covariates
Gender® -137 .05 .014 -157 .07 .045
Migration background T° —.00 05 953 —.04 .06 589
Tablet typing speed T 18 A2 154 —.01 .09 928
R? 36 52

Note. Significant coefficients are printed in bold (p <.05). Continuous predictors were
standardized (M = 0; SD = 1). n = 200. Reference categories: * male. ® no other languages
spoken at home besides German. TCoefficient differed in significance level (p < .05) in

contrast to original analysis with item-scale correlation > .5.

157



5 Study 2: Effects on Performance, Self-Concept, and Anxiety

Table S5.4

Effects of Practice Behavior on Performance With all Performance Items

Addition Subtraction
performance Performance
p SE p p SE p
PRACTICED TASKS
Predictors
Outcome at T 47 .14 .001 .70 .07 .000
Practiced tasks .09 .08 237 .14 .04 .001
Covariates
Gender? -1t .05 .042 —-.13 .08 .093
Migration background T1° .03 .05 507 -.01 .06 .894
Tablet typing speed T 14 A1 .199 .01 .07 .939
R’ 30 54
PRACTICED WEEKS
Predictors
Outcome at T, 47 14 .001 .68 .07 .000
Practiced weeks A1 .06 .070 .09 .05 .087
Covariates
Gender® —-127 .05 012 —-.157 .07 .041
Migration background T1° .03 .06 568 —-.01 .06 933
Tablet typing speed T A5 A1 167 .03 .08 .692
R? 31 52

Note. Significant coefficients are printed in bold (p < .05). Continuous predictors were
standardized (M = 0; SD = 1). n = 200. Reference categories:  male. ® no other languages
spoken at home besides German. TCoefficient differed in significance level (p < .05) in

contrast to original analysis with item-scale correlation > .5.
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Table S5.5
Comparing Study Variables With and Without Missing Values

Without Missing With Missing
Values Values
M SD M SD
ALL STUDENTS

Math addition performance T 5.76 3.15 5.38 3.11
Math addition performance T» 7.88 2.76 8.40 2.84
Math subtraction performance T, 5.24 3.74 5.13 3.47
Math subtraction performance T> 6.62 3.73 6.90 3.00
Math self-concept T 2.73 0.86 2.65 0.76
Math self-concept T» 2.74 0.83 2.36 0.82
Math anxiety T, 3.39 1.24 3.32 1.12
Math anxiety T 3.21 1.28 3.02 1.00
Gender® 0.48 0.50 0.50 0.50
Migration background T:° 0.52 0.50 0.44 0.50
Tablet typing speed T 7.97 2.20 7.75 2.59

EXPERIMENTAL CONDITION
Practiced addition tasks 193.36 246.17 159.70 291.88
Practiced subtraction tasks 69.61 150.24 37.19 69.72
Overall practiced tasks 1280.06 1467.16 870.58 1211.08
Practiced weeks addition 3.02 2.42 2.42 1.66
Practiced weeks subtraction 1.97 2.01 1.43 1.08
Overall practiced weeks 5.58 3.31 3.51 2.00

Note. All students: nyithout = 214 , nwith = 156. Experimental condition: nwithout = 116, Rwith =
84. Bold print indicates values that were statistically significantly different at p < .05.

Reference categories: *male. ® no other languages spoken at home besides German.
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6.1 Introduction

As already emphasized in Chapter 4, replicating research is extremely important. This
especially applies to intervention research, as interventions are often cost-intensive and require
human resources (Plucker & Makel, 2021). Thus, successful replications might provide
stakeholders with a robust basis on which decisions can be made to further invest in an
intervention or even to scale it up, whereas, in contrast, unsuccessful replications of previous
desirable results might indicate that the assumed underlying effect mechanisms or contextual
influences might need further investigation. In this light, the effects of math learning program
interventions and, more specifically, the effects of Math Garden and practice behavior with
Math Garden on performance and affective-motivational outcomes need to be put to the test
again. Thus, I focused on replicating Study 2 by using the same constructs (with slightly
different operationalizations) as well as the same statistical methods but with a different and

even larger sample.

6.2 Research Question and Hypotheses

Based on the research question addressed in Study 2, this replication also aimed to answer the
question of how the provision of and practice behavior with Math Garden was related to
students’ addition and subtraction performance, their math self-concept, and their math anxiety.
The results of Study 2 provided support for the hypothesis that the more subtraction tasks
students completed, the higher their subtraction performance improvement was, and,
furthermore, that the provision of Math Garden was associated with an increase in students’
math self-concept in the experimental group in contrast to the control group. Regarding all other
expected effects, no supporting empirical evidence was found. However, based on the results
of Study 2, the unsupported hypotheses should not be directly rejected as they still have strong
theoretical foundations and are supported by previous findings stated in the literature. In
addition, the original study had a lack of power due to the reduced sample size in the posttest
as a result of COVID-19 school closures. Thus, for the replication analysis, | again expected
that the provision of Math Garden in the experimental group would foster students’ addition
and subtraction performance, as well as their math self-concept, and would decrease students’
math anxiety in contrast to the control group (H1.1-H1.4, respectively). Regarding the
experimental group, | expected that the more tasks students completed (addition and
subtraction), the higher their addition and subtraction performance and their math self-concept

and the lower their math anxiety after the intervention would be (H2.1-H2.4, respectively). |
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expected the same regarding the number of weeks spent practicing (addition and subtraction)
tasks (H3.1-H3.4, respectively) for students in the experimental group. As in Study 2, |
controlled the analyses for students’ pretest scores to account for differences in their baseline

values, their gender, a possible migration background, and tablet typing speed.

6.3 Methods

6.3.1 Design and Procedure

The data used in this replication analysis come from a larger project investigating the
effectiveness of different approaches to supporting students in math (i.e., Implementation
Period 2; Carstensen et al., 2023). Within this project, students were randomly assigned at the
school level to either an experimental group that practiced with Math Garden or a waitlist
control group. For this replication, I used the student data collected from October 2021 (pretest,
T1) to February 2022 (posttest, T2). The implementation of Math Garden and the testing of
students followed the same procedure as in Study 2, but the length of the practice period differed
slightly, consisting of 28 weeks instead of 22 weeks. On average, the program was available to
the students for 24.7 weeks (SD = 1.4, min = 20, max = 28).

6.3.2 Sample

The sample comprised 1,093 fifth-grade students from 65 classes at 35 urban comprehensive
(non-academic-track) schools across Germany, who participated in the aforementioned
research project. Thus, the sample size was more than three times larger than that of Study 2
and differed in the federal states included (Schleswig-Holstein in Study 2 vs. Berlin,
Brandenburg, Hamburg, North Rhine-Westphalia, Rhineland-Palatinate, and Schleswig-
Holstein in the replication). In the experimental group, the data of two children were excluded
due to an implausibly high level of practice (more than 2,000 tasks within one week), as were
the data of 11 students because of missing data on all relevant variables, that is, questionnaire,
test, and practice data. Furthermore, four classes were excluded because they stopped
participating in the study after the pretest (n = 48). The final analytic sample consisted of 829
students in the experimental group (41.2% female, 48.3% with a migration background; see
Table 6.1 for further sample characteristics) and 203 students in the waitlist control group
(49.4% female, 49.1% with a migration background).
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6.3.3 Measures

6.3.3.1 Performance and Affective-Motivational Outcomes

As in Study 2, the addition and subtraction scales of the Heidelberg calculation test by Haffner
et al. (2005) were used to measure math performance. Similar to Study 2, 1 made an item
selection (Items 14 to 24 for the addition scale and Items 15 to 25 for the subtraction scale), and
| found good retest reliability values for both scales (riadd = .64, risu = .70).

The assessment of math self-concept differed slightly from the assessment in Study 2, as
the German adaption of the math self-concept scale from the Self-Description Questionnaire
was used (Arens et al., 2011; Marsh, 1990). The scale consists of eight items (e.g. “I like
math.”), which have to be answered on a five-point Likert scale (1 = wrong to 5 = true).
Cronbach’s alpha was .92 in the pretest and .93 in the posttest. I found significant correlations
between pre- and posttest (ri = .61).

As in Study 2, math anxiety was measured with the subscale of the Math Anxiety Rating
Scale for Fourth to Sixth Grades by Roick et al. (2013). Cronbach’s alpha was .91 in the pretest
and .91 in the posttest. Pretest and posttest values were also significantly correlated (r« = .50).

6.3.3.2 Practice Behavior

In line with the original study, | developed six practice frequency scores with the trace data
collected in Math Garden: | summed up the number of tasks completed in the domain of (1)
addition and (2) subtraction, as well as the number of weeks for which students practiced (3)
addition tasks and (4) subtraction tasks. Furthermore, | calculated an (5) overall practice
frequency score by summing up the total number of math-related tasks completed in Math
Garden, which included tasks on addition, subtraction, multiplication, division, mix (mixture
of basic arithmetic operations), counting (of objects), series (logical completion of a given
number series), numerals (tasks in which numbers must be combined to obtain a desired target
number), and tables (multiplication table tasks from 1 to 10). Finally, I calculated a (6) score
for each student using the total number of weeks for which they practiced math-related tasks

(see above). The descriptives for these six different scores are reported in Table 6.2.

6.3.3.3 Covariates

At the student level, students’ gender was coded as 0 = male and 1 = female. Instead of assessing
a migration background with a dummy coded item (Study 2: “Are other languages besides
German spoken at home?” with 0 = no and 1 = yes as the answer options), the migration
background in the replication was measured continuously, that is, with the question “How often
do you speak German at home?”, with 1= | always speak German at home, 2 = | almost always

speak German at home, 3 = | sometimes speak German at home and sometimes another
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language, 4 = | never speak German at home as answer options. However, for the analyses, |
built a dummy coded version in terms of the direct replication approach (0 = | always speak
German at home, 1 = | almost always speak German at home, | sometimes speak German at
home and sometimes another language, | never speak German at home). | used the speed scale
of the Heidelberg calculation test (Haffner et al., 2005) to control for students’ tablet typing
speed.

6.3.4 Data Analysis

The statistical approach was identical to that of Study 2. Addressing the effects of the provision
of Math Garden on math performance, math-self-concept, and math anxiety, | ran multiple
regression analyses in Mplus (Version 8.5; Muthén and Muthén, 2008-2020) with the group
assignment as the predictor (0 = waitlist control group, 1 = experimental group). The dependent
variables were the posttest scores after the pretest scores and the other covariates were
controlled for. To investigate the relationship between students’ practice behavior and the
suggested outcomes, | analyzed only the values of the experimental group. The dependent
variables were the posttest scores after the pretest scores and other covariates were controlled
for, and the predictors were either the number of tasks completed or the number of weeks spent
practicing. However, due to the two distinct performance measures (i.e., the domains of addition
and subtraction), | made further differentiations, as was done in Study 2.

Due to the hierarchical structure of the data (students within classes), | used the
TYPE=COMPLEX command to adjust standard errors for nonindependence within classes. |
used the robust maximum likelihood estimator, and all continuous independent variables were
z-standardized (M =0, SD = 1). Significance testing was undertaken at the 5% level.

| found missing data on all variables. Regarding the self-report and test measures, this
was because students in the final analytic sample were absent during at least one of the two
testing sessions or left out single items. The percentage of missing data varied from 0% on
group assignment to 15.7% on students’ math anxiety, with an average missing rate of 8.3%.
Missing data regarding the practice behavior variables occurred because students participated
in the testing session and received login data but it was not possible to match their responses
from the testing session to their practice data (n = 161; 19.4%). | used full information
maximum likelihood to account for missing data on the independent variables and on the
dependent variable (Enders, 2010).
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6.4 Results

6.4.1 Descriptives and Preliminary Analyses

The means and standard deviations for the self-report and performance measures are

displayed in Table 6.1. Regarding the relevant study variables, I noticed that, on average, the

mean values for the performance measures descriptively increased in both conditions from

pretest to posttest, which was also the case for the math anxiety scores. In contrast, math self-

concept scores dropped slightly in both conditions.

Table 6.1
Descriptives of Self-Report and Performance Measures
Condition

All students Waitlist control Experimental
N =1,032 n =203 n =829
M SD M SD M SD
Math addition performance T1 7.50 2.94 7.84 2.81 7.42 2.97
Math addition performance T> 8.21 2.70 8.26 2.87 8.20 2.66
Math subtraction performance T1 6.36 3.74 6.74 3.78 6.26 3.73
Math subtraction performance T» 7.07 3.59 7.23 3.60 7.03 3.59
Math self-concept T1 3.46 0.94 3.61 0.99 3.43 0.93
Math self-concept T» 341 0.98 3.43 1.08 3.40 0.96
Math anxiety Ty 3.18 1.16 3.14 1.22 3.19 1.14
Math anxiety T» 3.22 1.18 3.17 1.13 3.23 1.19
Gender? 0.47 0.50 0.41 0.49 0.49 0.50
Migration background T1° 0.49 0.50 0.48 0.50 0.49 0.50
Tablet typing speed Ty 9.88 4.17 9.79 4.12 9.91 4.19

Note. Reference categories: male. ®no other languages spoken at home besides German.

Table 6.2 displays the descriptives of practice behavior in Math Garden. As in Study 2,

the high variance in practice over the 28-week period is noticeable. Overall, students practiced,

on average, for 3.56 weeks (SD = 3.96) with Math Garden, with a minimum of zero weeks and

a maximum of 22 weeks.
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Table 6.2
Descriptives of Practice Behavior in Math Garden

M SD Range
Completed addition tasks 24.97 48.33 0-771
Completed subtraction tasks 19.92 43.86 0-486
Overall completed tasks 312.98 625.04 0-7771
Practiced weeks addition tasks 1.36 1.71 0-10
Practiced weeks subtraction tasks 1.12 1.66 0-12
Overall practiced weeks 3.56 3.69 0-22

Note. N = 829.

Tables 6.3 and 6.4 show the correlations between the independent variables and the
dependent variables for all students and for the experimental group only. Regarding the possible
effects of Math Garden on the outcome variables, | found no significant correlations between
students’ group assignment and the outcomes in the posttest. Still, for the experimental group,

| found a significant but small correlation between the number of subtraction tasks completed

and students’ subtraction performance in the posttest (r = .08; Cohen, 1988).
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6.4.2 Effects of Providing Math Garden and of Practice Behavior

The first research question focused on the effects of the provision of Math Garden, that is, on
the differences in the posttest scores regarding the addition and subtraction performance, math
self-concept, and math anxiety of the waitlist control group compared to the experimental group
after controlling for baseline values. | found no statistically significant effect for the provision
of Math Garden on performance or on the affective-motivational variables (H1.1-H1.4; see
Table 6.5) when taking students’ gender, a possible migration background, and tablet typing
speed as covariates into account.

I also investigated how the number of tasks completed in Math Garden was related to
addition and subtraction performance, math self-concept, and math anxiety in the experimental
group (see Table 6.6). After including all covariates in the statistical model, | found a significant
effect of the number of subtraction tasks completed on students’ subtraction performance. As
expected (H2.2), the more subtraction tasks students completed, the higher their subtraction
performance after the intervention was (p = .08, p = .037). Regarding H2.1, H2.3, and H2.4, |
did not find any statistically significant effects.

Addressing the last research question, | examined how the number of weeks spent
practicing with Math Garden predicted addition and subtraction performance, math self-
concept, and math anxiety in the experimental group (see Table 6.6). I did not find any

statistically significant effects regarding the proposed hypotheses (H3.1-H3.4).

170



6 Additional Replication Analysis Study 2

Table 6.5

Results on Effects of Providing Math Garden

Addition Subtraction Math Math
performance performance self-concept anxiety
p SE p B SE p p SE P p SE p
Predictors
Outcome at T 63 .03 .000 .70 .03 000 59 .03 .000 .47 .03 .000
Math Learning Program? 03 03 248 .02 .03 359 .02 .04 619 .00 .03 .986
Covariates
Gender® 01 .03 .664 -00 .03 916 -.07 .04 .070 .13 .03 .000
Migration background T:* .00 .03 975 -03 .02 .119 -01 .03 .637 .06 .03 .046
Tablet typing speed Ty 05 .03 039 .00 .03 924 05 .03 .125 -08 .03 .009
R? 42 49 .38 .28

Note. Significant coefficients are printed in bold (p < .05). Continuous predictors were standardized (M = 0;

SD = 1). N = 1,032. Reference categories: ®wait-list control condition. ®male. °no other languages spoken at

home besides German.
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Table 6.6
Results on Effects of Practice Behavior

Addition Subtraction Math Math

performance performance self-concept anxiety

B SE p B SE p B SE p B SE P

COMPLETED TASKS

Predictors

Outcome at T1 61 .03 .001 .70 .03 .000 .57 .04 .000 .47 .03 .000
Completed tasks 02 04 767 08 .02 .037 .00 .04 833 -.02 .03 .470
Covariates

Gender? -01 .03 205 -01 .03 .824 -07 .04 .099 .11 .04 .003
Migration background T1® —-01 .03 593 -05 .03 .034 —-00 .03 .926 .06 .03 .084
Tablet typing speed Ty 04 03 .128 -01 .03 .782 .03 .03 .394 -06 .03 .054
R? 40 49 .35 .26
PRACTICED WEEKS

Predictors

Outcome at Ty 62 03 001 .70 .03 .000 57 .04 .000 .47 .03 .000
Practiced weeks -02 .04 611 00 .03 .792 .03 .04 420 -01 .04 .704
Covariates

Gender? -01 .03 .707 -01 .03 .798 -.07 .04 .111 .11 .04 .003
Migration background T1® -02 .03 631 —-05 .03 .028 .00 .03 .924 .06 .03 .078
Tablet typing speed T 04 03 .166 -.01 .03 .754 .03 .03 .370 -—.06 .03 .060
R2 40 48 35 .26

Note. Significant coefficients are printed in bold (p < .05). Continuous predictors were standardized (M = 0;
SD = 1). n = 829. Reference categories: male. °no other languages spoken at home besides German.
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6.5 Discussion

The additional analyses aimed to directly replicate the results of Study 2, as replications in the
field of educational psychology are rare but are urgently needed to provide evidence for the
robustness of results, especially when it comes to the effects of interventions. My findings
showed that the more subtraction tasks students completed in Math Garden, the higher their
subtraction performance in the posttest was. This beneficial result was in line with my
hypothesis and with the results from the original study. It again underlines the importance of
ensuring that students systematically engage with a math learning program if they are to benefit
from its implementation (Spitzer, 2022). However, similar to the results of Study 2, the results
of the replication analysis did not find any link between the number of addition tasks completed
and addition performance; this might support the assumption that the amount of practice might
be especially helpful for more difficult domains such as subtraction (Anderson et al., 2022).
Future conceptual replications could therefore examine effects on multiplication and division
performance to further investigate this assumption.

The results of the additional analyses did not support any other hypothesis. However, the
original study showed a beneficial (but rather small) effect of the provision of Math Garden on
students’ math self-concept in the experimental condition. A possible reason for why the
replication study did not replicate this result might be its use of a different math self-concept
scale. This instrument was validated for fifth-grade students and showed high internal reliability
scores, which is why measurement problems can be ruled out. Thus, the nonsignificant finding
might indicate that the effect is not stable across different operationalizations. In addition, the
sample characteristics of the replication study might also explain the missing effect, as students
in the replication had, on average, higher math self-concept scores in the pretest than students
in the original study. Therefore, the beneficial features of adaptivity and feedback, which were
assumed to be the underlying theoretical mechanisms of the expected effect, might no longer
have come to bear because students already had a positive image of their math-related abilities.
Ideas on how future studies could investigate the effects of adaptivity and feedback on
motivational outcomes in more in-depth can be found in the General Discussion (Chapter 8).

All other nonsignificant results were in line with the findings of Study 2. The missing
effects of the program provision on the performance measures might be due to students in the
experimental group, on average, not practicing enough with Math Garden to benefit from the
program in contrast to the control group. This pattern of findings supports the call for

researchers to include objectively measured practice behavior in their analyses when
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investigating the implementation quality of such learning program interventions (Vanbecelaere
et al., 2023); such analyses could, in turn, facilitate potential conclusions about missing effects.

Contrary to my expectations, the number of weeks for which students practiced with Math
Garden was not associated with performance. This might be due to the same problem as in the
original study, namely, that students only practiced for a small number of weeks, which means
that probably not enough meaningful variance was created within this variable to explain
differences in students’ performance.

Regarding the nonsignificant findings regarding the effect of both the provision of and
practice behavior with Math Garden on math anxiety in the replication study and in Study 2,
there are two possible explanations for the missing effects. First, math anxiety might have been
too deeply rooted in the students, so thoughts of failure might have taken up too much of
students’ working memory (Ashcraft & Kirk, 2001). Therefore, they might not have had the
resources to perceive that the tasks in Math Garden were adapted to their ability level; such
adaptivity is hypothesized to reduce the likelihood of failure and thus lead to more control over
successfully solving a task (Pekrun, 2006). The way in which such assumed effect mechanisms
could be further investigated is discussed more precisely in the General Discussion (see Chapter
8). Second, the measure used to assess math anxiety in both Study 2 and its replication asked
about test anxiety. However, math anxiety is a multidimensional construct (Barroso et al., 2021,
Lukowski et al., 2019) and, as Math Garden is understood less as a test and more as a tool for
individual skill development, the program might be more likely to affect other math anxiety

components, for instance, math calculation anxiety (Lukowski et al., 2019).
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behavior in an adaptive math learning program: Does it mediate the math anxiety—
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Abstract

Background: It has been suggested that math anxiety negatively affects students’ performance
because math anxious students tend to avoid math-related tasks. As most studies that
investigated this assumed relationship focused on self-report measures to assess avoidance
behavior, approaches that use objective process measures, which are less likely to be affected
by biases, are needed.

Aims: We conceptualized avoidance behavior in terms of trace data within an adaptive math
learning program. We used a three-wave longitudinal study design to approach the question of
how math anxiety is associated with learning behavior that contributes to math performance
improvement in school.

Sample: The study comprised 890 students at the beginning of secondary school in Germany.
Methods: We traced students’ practice behavior (i.e., completed tasks within an adaptive
learning program; Math Garden ) over 45 weeks.

Results: The results of the mediation analyses indicated that math anxious students did not
practice less with the math learning program, which we found to be effective in improving math
performance. However, this means that avoidance behavior does not explain the weaker
performance of math anxious students.

Conclusions: Math anxiety is not the central influencing factor for practice behavior in our
model, but practitioners need to be aware of the fact that interindividual student differences are
still associated with students’ practice (e.g., having a migration background). Thus, students
need to be encouraged to practice with an adaptive math learning program, as this contributes

to their performance improvement

Keywords: mathematics, anxiety, engagement, practice behavior, math learning programs
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7.1 Introduction

Math anxiety is a widespread issue faced by students across the globe; researchers have shown
that it affects one in three individuals (Sorvo et al., 2017). This finding underscores the
significance of addressing the consequences of math anxiety. From a theoretical perspective, it
is assumed that math anxiety is linked to avoidance strategies when it comes to math and math-
related tasks (Eysenck & Calvo, 1992), consequently resulting in poorer math skills. Research
has already found evidence that math anxiety negatively impacts students’ math performance
(e.g., Aldrup et al., 2020), but only little is known about the mediating role of avoidance
behavior in this relationship. Studies investigating avoidance strategies have, so far, mostly
focused on math-related course choices in higher education (Hembree, 1990; LeFevre et al.,
1992). However, opting out of math at that point is likely a result of adverse math-related
trajectories throughout the school career. Math anxiety already occurs in elementary and
secondary education (Ramirez et al., 2013). Therefore, this may be associated with the
avoidance of math learning opportunities at an early stage and with difficulties in math skill
acquisition. In turn, the math skills acquired during elementary and early secondary education
profoundly affect subsequent math learning and performance (Andersson, 2010).

The few studies that investigated the relationship between math anxiety and avoidance
behavior in secondary school students mostly focused on self-report measures regarding
students’ avoidance strategies, but this led to mixed results (Hasty et al., 2021; Quintero et al.,
2022). One problem with self-reports is that they are often biased (Donaldson & Grant-Vallone,
2002); for instance, math anxious students might report higher levels of avoidance behavior to
attribute their poorer math performance to low engagement rather than to low abilities (e.qg.,
self-serving bias). In contrast, process measures, such as data collected when students practice
with learning programs, have the potential to objectively and economically measure students’
avoidance behavior. Hence, the current study used an adaptive arithmetic learning program to
trace the tasks completed by students as an indicator of their avoidance behavior. Using this
new approach, we examined the mediating role of students’ practice behavior with the learning
program in a sample of 890 fifth-grade students in Germany; we aimed to gain information that

would help to explain the link between math anxiety and math performance.
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7.1.1 Defining Math Anxiety

Math anxiety is characterized by feelings of helplessness, tension, and worry in math and math-
related situations (Hembree, 1990). Regarding its conceptualization, an increasing number of
studies point out the multidimensionality of math anxiety (e.g., Lee, 2009; Lukowski et al.,
2019). Despite the absence of a final consensus regarding the quantity and nature of the
dimensions, two complementary assumptions are most commonly encountered.

Wigfield and Meece (1988) assumed that math anxiety has two components, namely an
affective emotionality component, which includes perceptions of fear as well as physical
reactions, and a cognitive worry component, which involves negative thoughts about one’s
math competence. The second assumption regarding the conceptualization of math anxiety is
that it occurs in different contexts. These situation-related contexts have been identified as math
learning anxiety and math test anxiety (Carey et al., 2017; Caviola et al., 2017; Hill et al., 2016).
Math learning anxiety is related to unpleasant feelings when it comes to everyday math
instruction, for example, when performing calculations. In contrast, math test anxiety occurs
especially in test- and performance-related situations.

Despite these various dimensions of math anxiety, studies that investigate the associations
between math anxiety and performance outcomes often only use a one-dimensional approach.
However, the effects on performance can differ for the math anxiety dimensions, for instance,
two studies found that the relationship with performance was strongest for the worry component
(Barroso et al., 2021; Lukowski et al., 2019). Hence, more research that considers a

multidimensional approach is needed.

7.1.2 How is Math Anxiety Linked to Math Performance?

Comprehensive empirical evidence suggests that there is a low to moderate correlation between
math anxiety and students’ math performance (Barroso et al., 2021; Ma, 1999). Two prominent
approaches have been proposed to explain this relationship. The deficit theory claims that low
competencies in math lead to academic failure and, thus, to anxiety (Carey et al., 2015). In
contrast, Ashcraft and colleagues’ disruption account (Ashcraft & Kirk, 2001; Ashcraft &
Krause, 2007) suggests that math anxiety causes lower math performance because rumination
and negative thoughts interfere with the processing of mathematical tasks, and they distract
attention and demand working memory resources.

However, to explain the effects of math anxiety on performance, the behavioral aspect of
math anxiety can also be considered, which has received less attention so far. This aspect

suggests that math anxious students avoid math-related tasks and activities as the confrontation
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is perceived as aversive in terms of negative physiological and psychological reactions
(Eysenck & Calvo, 1992; Eysenck et al., 2007). Previous research has already shown that
students with elevated levels of math anxiety show more avoidance strategies (Hembree, 1990;
LeFevre et al., 1992), but, instead of examining the mediating role of avoidance behavior, most
studies have only investigated the relationship between math anxiety and avoidance behavior
(cf. Quintero et al., 2022). Still, the fewer opportunities that math anxious students have to
engage with mathematical situations might explain their weaker math performance. Thus, when
attempting to extend previous research by considering avoidance behavior as the mediating
mechanism between math anxiety and math performance, the question arises as to which

different forms of avoidance behavior individuals can display.

7.1.3 Conceptualizing Avoidance Behavior

Following Wong and Liem (2022), we define behavioral engagement as “the extent to which
students intentionally exert effort during learning activities” (Wong & Liem, 2022, p. 123). By
showing behavioral engagement in relevant learning tasks, students’ competencies can
consequently develop (Braten et al., 2022; Cheung & Slavin, 2013). In contrast, low behavioral
engagement can be understood as avoidance behavior that interferes with competence
improvement.

Examining course and career decisions, or the intention to make such decisions, has been
a common approach to assessing avoidance behavior since the 1990s (Hembree, 1990; LeFevre
et al., 1992; Meece et al., 1990). However, whereas these indicators are applicable in higher
education, opting out of math class is rarely an option at lower grade levels in the school context.
Thus, different approaches for operationalizing math avoidance behavior are needed to
understand the consequences of math anxiety in lower grade levels.

Hasty et al. (2021) investigated the relationship between math anxiety and potential
avoidance behavior in secondary school students by asking students about the time spent on
math-related activities, but they found no association. Quintero et al. (2022) operationalized
avoidance behavior as the lack of secondary school students’ self-reported cognitive-behavioral
engagement during math instruction, and their results supported the suggested negative
relationship. Furthermore, they extended Hasty et al.’s approach by also investigating effects
on students’ performance. As they found that lower levels of cognitive-behavioral engagement
indeed explained the negative link between math anxiety and math performance, they provided

first evidence for the mediating role of avoidance behavior (Quintero et al., 2022).
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However, although using self-report measures to assess avoidance strategies is a common
method (Muenks et al., 2017; Skinner et al., 2009), the divergent results of Quintero et al. (2022)
and Hasty et al. (2021) could be an indicator that at least one self-report assessment was

potentially biased.

7.1.4 The Potential of Process Measures

A common bias of self-reports is a self-serving bias (Donaldson & Grant-Vallone, 2002);
students may downplay their actual behavioral engagement in order to avoid attributing failures
to their abilities. To overcome this problem, researchers should focus on measures that are more
objective (Azevedo, 2015).

One possibility might be to use trained observers during math instruction (Pianta et al.,
2012). However, this approach is time-consuming and requires many human resources. Another
possibility is the assessment through process measures (Wong & Liem, 2022). Nowadays,
programs and applications usually record their users’ behavior in terms of log and trace data,
which have the potential to economically assess students’ behavioral engagement mostly
without biases. This also applies to many math learning programs. A wide variety of programs
that have been designed for scientific purposes can objectively operationalize behavioral
engagement as the tasks completed in the program or the time spent on the program (e.g., see
Hassler Hallstedt et al., 2018; Hilz, Guill, Roloff, Sommerhoff, & Aldrup, 2023; Spitzer, 2022).

In this study, we used the adaptive arithmetic learning program Math Garden
(Klinkenberg et al., 2011; Straatemeier, 2014). Math Garden is a drill-and-practice program
that allows students to strengthen basic arithmetic operations. It works adaptively, which means
that an algorithm regulates the assignment of the tasks in such a way that students have a preset
average percentage of correct answers of 75% (for a more detailed description, see Klinkenberg
et al., 2011). After each task, direct corrective feedback is given. Math Garden automatically
traces the number of tasks completed per domain per week for each practicing student. With
regard to the relationship between math anxiety and avoidance behavior, a study conducted by
Hilz, Guill, Roloff, Aldrup, and Koller (2023) already showed that math anxious students
completed fewer tasks with Math Garden. However, the authors did not investigate the relation

with math performance.

7.1.5 The Present Study

This study addressed the existing research gap by aiming to explain how the relationship
between math anxiety and math performance is mediated by students’ avoidance behavior. We

aimed to answer the research question of whether math anxious students avoided practicing
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(i.e., practice fewer tasks) with the arithmetic learning program Math Garden and, in turn,
whether this hindered them in improving their math performance. Thus, we extended the
suggested mediation model of Quintero et al. (2022) but we assessed avoidance behavior with
less biased process measures than students’ self-reports. Moreover, we used a longitudinal
design with three measurement points: the beginning (T1), the middle (T2), and the end (T3) of
a school year (interval T1—T2: 28 weeks of practicing, interval T1—T3: 45 weeks of practicing).
This allowed us to examine whether math anxiety at the beginning of the school year predicted
students’ practice behavior in the medium and long term, potentially precluding achievement
gains due to continued avoidance of practice.

We used a multidimensional approach to examine students’ math anxiety, comprising the
subcomponents affective “math test anxiety”, affective “math calculation anxiety”, and
cognitive “worry”, as earlier research emphasized the multidimensionality of math anxiety
(Carey et al., 2017; Caviola et al., 2017; Hill et al., 2016; Lukowski et al., 2019; Wigfield &
Meece, 1988) and already showed that different components of math anxiety vary in the
strength of their relationship with math performance (Barroso et al., 2021; Lukowski et al.,
2019). For this reason, we aimed to test our research question with both a global math anxiety
construct and the subcomponents. The following hypotheses and the statistical approach used
to investigate the hypotheses were preregistered?.

First, we hypothesized for all suggested anxiety models that students’ math anxiety (i.e.,
global construct and single subcomponents) would be associated with less practice in Math
Garden (Hypothesis 1, see Path a in Figure 7.1). Second, we hypothesized that higher levels of
practice behavior would be linked to more improvement in student performance (Hypothesis 2,
see Path b). To answer our main research question, we hypothesized that math anxiety would
impair improvements in math performance because math anxious students would practice less
with Math Garden (Hypothesis 3, Path a*b). We tested all hypotheses for both practice periods
(i.e., Ti=Toand T1-T3).

https://doi.org/10.17605/0SF.10/38GFN
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Figure 7.1
Mediation Model

Practice behavior
28 weeks |45 weeks

Math anxiety Pcrli(r)rlrfrlancc

Math test Math Worry
anxiety calculation  component
anxiety

Note. T2|Ts=second/third point of measurement.

7.2 Methods

7.2.1 Design and Procedure

The study was part of a larger project investigating the effectiveness of different approaches to
supporting students in math (Carstensen et al., 2023). Within this project, students were
randomly assigned at the school level to either an experimental group or a waitlist control group.
For this study, we only considered the experimental group that practiced with Math Garden. An
ethics committee reviewed the study; student data were collected in schools from October 2021
to July 2022 in compliance with all data protection requirements. Participation in the study was
voluntary and parental permission was obtained before students participated in the study.

In a pretest (T1) at the beginning of the school year, the participating classes completed
math performance tests and answered questionnaires that assessed students’ math anxiety on
tablets in order to measure their baseline values. At the end of the testing session, students
received a 10-minute introduction to Math Garden and tried it out on tablets using personalized
login data provided by their teachers. While practicing, they received a brief oral introduction
to the main principles of the program. At the end of the introductory practice session, students
were told that they should practice with the program at home and in class on their own devices.
In cases in which students who had permission to participate in the study were absent at T1, we
asked their teachers to introduce these students to the program later. In February 2022 (T>),
after 28 weeks of practice, and in July 2022 (T3), after 45 weeks of practice, students completed

184



7 Study 3: The Mediating Role of Practice Behavior

questionnaires and math tasks again. Between the testing sessions, the tasks completed in Math

Garden were traced.

7.2.2 Sample

The data for this study were obtained from a sample of 890 fifth-grade students in 53 classes at
29 urban comprehensive schools across Germany. Comprehensive schools offer different levels
of school degrees but primarily prepare students for vocational training (Maaz et al., 2008).
Consequently, the percentage of lower-achieving students is higher at this type of school. After
data inspection, we excluded two students due to an implausibly high level of practice (more
than 20,000 tasks within 45 weeks), which might have been caused by siblings also practicing
with the program, and we excluded another 11 students because they had missing data on all
relevant variables, such as the questionnaire, test, and practice data. Furthermore, we excluded
four classes that withdrew their participation in the study after the pretest (n = 48). The t-tests
we conducted revealed that the excluded students did not differ from the included students
regarding their pretest math anxiety scores and their pretest math performance. The final

analytic sample consisted of 829 students (48.7% female, 49.5% with a migration background).

7.2.3 Measures

7.2.3.1 Math Anxiety

We used five items from the Math Anxiety Rating Scale for fourth to sixth grades (MARS 4—
6; Roick et al., 2013) to measure math test anxiety (e.g., “How nervous do you feel when a math
test is written?”; o = .91). We used another six items from MARS to assess math calculation
anxiety (e.g., “How nervous do you feel when you have to do some division tasks without a
calculator”; o = .82). As these items ask about nervousness, they address the affective math
anxiety dimension in different contexts. With regard to the third subcomponent, we used three
items based on a scale by Faber (1995; e.g., “How much do you worry about the math grade on
your next report?”’) to assess the worry dimension (o = .76). All math anxiety items were
assessed on a five-point Likert scale ranging from 1 = not at all to 5 = very much.

Using the guidelines of Hu and Bentler (1999), we conducted confirmatory factor
analyses; the results showed a satisfactory fit for the suggested three-factor structure (i.e., math
test anxiety, math calculation anxiety, and worry component; CFl = .95, TLI = .94, RMSEA =
.06, SRMR = .05; see Table S7.1 in the Supplementary Material for one- and two-factor model
fits). In addition, we conducted chi-square-difference tests, using the guidelines of Cheung and
Rensvold (2002), which also indicated that the three-factor model outperformed the one- and

two-factor models (see Table S7.1, Supplementary Material).
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7.2.3.2 Practice Behavior

Math Garden automatically traces the number of tasks completed per domain per week. We
calculated two total practice frequency scores for each student by adding all completed math-
related tasks within 28 weeks of practice and within 45 weeks of practice. The scores included
tasks in the math-related domains of addition, subtraction, multiplication, division, mix
(mixture of basic arithmetic operations), counting (of objects), series (logical completion of a
given number series), numerals (tasks in which numbers must be combined to obtain a desired
target number), and tables (multiplication tables tasks from 1 to 10). 86 students only practiced
non-math-related domains, i.e. Math Garden also includes few language-related domains.
These students were nevertheless included in our final sample; we coded their number of
completed tasks as zero.

7.2.3.3 Math Performance

We used the four scales of the Heidelberg calculation test by Haffner et al. (2005) to measure
math performance: addition, subtraction, multiplication, and division. Each scale consists of 40
items that become increasingly difficult; students were instructed to solve as many items as
possible in 120 seconds per scale. Correctly solved tasks from all scales were added to obtain a
total score. We found good retest-reliability values (rri-t2 = .74; rri-13 = .72).

7.2.3.4 Covariates

Students’ gender was coded as 0 = male and 1 = female. A migration background was
assessed with the following item: “How often do you speak German at home?”, with a four-
point response scale ranging from 1 = always to 4 = never (Hussmann et al., 2017). The speed
scale of the Heidelberg calculation test (Haffner et al., 2005) was used to control for students’
tablet typing speed. Furthermore, we controlled for participation in remedial math lessons for
low-achieving students who were part of the larger project (0 = no participation, 1 =
participation). As students might have been absent at T1, we also controlled for whether they
had received a standardized introduction to Math Garden (0 = no standardized introduction, 1
= standardized introduction). Lastly, we coded whether students had internet access at home
through a smartphone, a tablet, a laptop, or a computer (0 = no device available, 1 = at least
one device available).

7.2.4 Data Analysis

To test our hypotheses, we set up structural equation models in Mplus, Version 8.5 (Muthén &
Muthén, 2008-2020) with math anxiety as predictor, the completed tasks in Math Garden as

mediator, and performance as outcome, while controlling for pretest values (i.e., investigating
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potential performance improvement). This approach was applied for both practice periods.
Regarding math anxiety, we combined the items of the three subcomponents into one parcel for
each component to obtain a more parsimonious model (Little et al., 2002). We ran the analyses
with the latent global score and also investigated the three subcomponents separately; this
resulted in four different models for each practice period. We used the TYPE = COMPLEX
command to adjust the standard errors for the nonindependence of students, who were nested
within classes. To ease interpretation, all continuous variables were z-standardized (M = 0, SD
=1).

The practice behavior data from Math Garden were log-transformed due to their right-
skewed distribution (Van der Maas & Nyamsuren, 2017). The substantial number of students
who did not practice any math-related tasks in Math Garden (i.e., 86 students) resulted in a
bimodal distribution for practice behavior. To ensure the robustness of the results, we followed
two different approaches: First, we ran all models with z-standardized practice behavior (i.e.,
right-skewed) data. Second, we treated the raw completed tasks as count data. Therefore, we
modeled the relationship between math anxiety and practice behavior under the assumption of
a Poisson distribution, using an overdispersion parameter to account for the high variance on
the completed tasks variable (Gardner et al., 1995) in the software R (Version 2023.06.1) with
cluster bootstrap to account for the hierarchical data (Deen & Rooij, 2020). These
supplementary analysis results are provided in the online material (see Tables S7.3-S7.5).

In empirical studies, the presence of missing data is a potential methodological issue. In
our study, data were missing on the self-report and test measures because some students in our
final analytic sample were absent during at least one of the three testing sessions. The
percentage of missing data varied from 0% on students’ gender to 14.5% on students’ math
performance (T2), with an average missing rate of 7.1%. Regarding the practice behavior data,
we also found missing data, which means that we could not match all students to their practice
data (n = 161; 19.4%). We performed statistical comparisons between the groups of students
with and without missing practice behavior data regarding their math anxiety level, and we did
not find any differences between the two groups (t[176] = —1.34, p = .189). To handle all

missing data, we used the full information maximum likelihood approach (Enders, 2022).

7.3 Results

7.3.1 Descriptives and Preliminary Analyses

The means, standard deviations, and correlations for math anxiety, practice behavior, and

performance measures and the covariates are reported in Table 7.1. On average, students solved
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297 tasks in Math Garden within 28 weeks and 355 tasks within 45 weeks, but practice behavior
varied substantially between students (SDt1-12 = 600.11, SD11-13 = 713.41, min = 0, max =
9,053). Regarding the relationships between our study variables, we found that higher global
math anxiety scores were associated with fewer completed tasks in Math Garden
(rri—t2 = —.10; rri_13 = —.10). Similar findings emerged for two of the three specific anxiety
subcomponents (math test anxiety: rri-t2=—.09, rri-t3=—.09; worry component: rry-t2=—.11,
rri-t3 = —.10). Interestingly, migration background was also negatively associated with less
practice in Math Garden (rri-t2= —.11, rrit3= —.11). Furthermore, more completed tasks in
Math Garden were related to higher performance at T> and Tz (.10 <r <.14). All correlations

can be described as being small to moderate (Cohen, 1988).
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7.3.2 The Relationship Between Math Anxiety, Avoidance Behavior, and Performance

To answer our research question of whether the avoidance behavior of math anxious students
can potentially explain their lower achievement gains, we investigated whether the tasks
completed in Math Garden mediated the relationship between math anxious students and their
math performance. Considering all of the covariates, we did not find any statistically significant
links between global math anxiety or its subcomponents and the number of tasks completed in
Math Garden (Hypothesis 1; see Figures 7.2-7.3). However, we found that students with a
migration background completed fewer tasks (see Table S7.2 in the Supplementary Material,
Brit2 = —.14, p = .014; P13 = —.13, p = .020). Further, we found support for our Hypothesis
2, namely a positive effect of the number of tasks completed in Math Garden on performance
in both data collection periods when controlling for students’ pretest performance (see Figure
7.2; Bri-t2=.10, p=.001; Br1-13 = .10, p =.002). Regarding Hypothesis 3, we found no indirect
effect of math anxiety on math performance mediated by the number of completed tasks (see
Table 7.2). This was the case both for the analysis of math anxiety as a global score and for the
analysis of the subcomponents. Overall, the results seemed to be robust regarding the
distribution of the practice behavior variable (see Tables S7.2-S7.5, Supplementary Material).
Figure 7.2

Results of Mediation Analysis Regarding the Global Math Anxiety Score

Completed tasks
28 weeks | 45 weeks

}\Q’/ N
NS e
.QH/, \\'\/0*
/7 Vi AN
—09% | —.09% Performance
T,| T,
Math test Math Worry
anxiety calculation  component

anxiety

Note. Standardized coefficients. All covariates were included: pretest performance, gender,
migration background, tablet typing speed, remedial math lessons, program introduction, and
availability of devices. T2|Ts=second/third point of measurement.

*p <.05.
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Figure 7.3
Results of Mediation Analysis Regarding Math Test Anxiety, Math Calculation Anxiety, and
the Math Worry Component
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Note. Standardized coefficients. All covariates were included: pretest performance, gender,
migration background, tablet typing speed, remedial math lessons, program introduction, and
availability of devices. T2|Ts=second/third point of measurement.

*p <.05.
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Table 7.2
Total Effects, Indirect Effects, and Direct Effects for all Anxiety Mediation Models
Math performance T» Math performance T3
p SE p p SE p
Global math anxiety
Total effect -.09 04  .024 -.10 04 014
Total indirect effect -.01 01  .348 -.01 01 414
Direct effect -.09 .04  .027 -.09 .04 .020
Math test anxiety
Total effect —-.05 .03  .092 —-.05 .03 145
Total indirect effect -.01 01 142 -.01 01 .230
Direct effect —-.05 03 127 —.04 03 .219
Math calculation anxiety
Total effect -.10 .03  .002 -.10 .03 .001
Total indirect effect —-.00 .00  .992 —-.00 .00  .986
Direct effect -.10 .03 .002 -.10 .03 .001
Math worry component
Total effect —.06 .04 077 -.07 .03 .016
Total indirect effect -.01 01 718 -.01 01 735
Direct effect —.06 .03 .077 -.07 .03 .017

Note. N = 829. Coefficients are standardized. Significant coefficients are printed
in bold (p <.05).

7.4 Discussion

Avoidance behavior might explain the negative relationship between math anxiety and math
performance. By investigating its mediating role in a longitudinal design, this study focused on
assessing avoidance behavior with objective process measures within the adaptive arithmetic
learning program Math Garden (i.e., by examining the numbers of tasks completed).
Furthermore, we operationalized math anxiety as a multidimensional construct. However, the
results supported only some of our hypotheses. Students who practiced more with Math Garden
showed a higher improvement in their performance (Hypothesis 2). In contrast to our
assumptions, math anxious students did not practice less with the program (Hypothesis 1), and
practice behavior did not mediate the observed negative math anxiety—performance link

(Hypothesis 3).
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7.4.1 Math Anxiety and Avoidance Behavior

Considering the behavioral aspect of math anxiety, math anxious students are assumed to avoid
math-related tasks due to related unpleasant negative arousals (Eysenck & Calvo, 1992;
Eysenck et al., 2007). A previous study by Hilz, Guill, Roloff, Aldrup, and Koller (2023)
investigating the effects of students’ individual characteristics on practice behavior in Math
Garden already provided first evidence for this assumption using a process data approach. In
the current study, we also found a negative bivariate correlation between math anxiety and the
number of tasks completed, but when controlling for other variables, the statistical model
revealed that having a migration background was a more powerful predictor of lower levels of
practice behavior than math anxiety was. Considering the beneficial effect of practice behavior
on math performance, this pattern of results could suggest that math anxious students do have
the chance to achieve learning gains from practicing with learning programs such as Math
Garden.

However, other circumstances might also explain the difference between the results of
our study (i.e., no mediation effect of avoidance behavior) and those of previous research,
namely, the period during which the study was conducted. Whereas the study of Hilz, Guill,
Roloff, Aldrup, and Kéller (2023) was conducted before the COVID-19 pandemic, our study
took place after the pandemic. The pandemic led to the promotion of teachers’ use of digital
tools (Runge et al., 2020) and potentially made their support of students’ use of digital learning
programs more effective. Such supportive behavior might have the potential to reduce math
anxious students’ unpleasant feelings in math-related situations (Jansen et al., 2013) and, in
turn, might have helped to overcome the inhibited practice behavior hypothesized in our study.
Nonetheless, this suggestion needs to be clarified in future studies.

Furthermore, the fact that we did not find a relation between math anxiety and practice
behavior might be explained by the beneficial adaptive function in Math Garden. In line with
the taxonomy framework of Plass and Pawar (2020) on adaptive learning, Math Garden can
diagnose students’ skill level and, to accommodate their specific needs, can make adjustments
to the task difficulty level in such a way that students can solve at least 75% of the assigned
tasks correctly. As a driving factor in anxiety is uncertainty (Buckley & Sullivan, 2023; Pekrun,
2006), math anxious students might perceive adaptive learning programs as more controllable
as there is only a low chance of being confronted with unsolvable tasks according to the
individual skill level. According to the control-value theory (Pekrun, 2006), this is assumed to
lead to reduced anxiety and, thus, more practice. As Hilz, Guill, Roloff, Aldrup, and Koller

(2023) also found only a small effect in their study, this could indicate that math anxiety might
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only play a small role, or might not even play any role, when it comes to practice behavior with
adaptive learning programs. However, such assumptions about the mechanisms of adaptivity
and especially about the effects of math anxious students’ perception of it need to be tested in
future research.

Taken together, the divergent results between our study and that of Hilz, Guill, Roloff,
Aldrup, and Koller (2023) suggest that the relationship between math anxiety and avoidance
behavior stated in the literature is not trivial and might be influenced by various underlying
mechanisms. This is also indicated by the mixed result pattern found in studies using self-
reported avoidance behavior. Whereas Quintero et al. (2022) found a negative relationship
between math anxious students and their engagement during math instruction, Hasty et al.
(2021) did not find any relationship between math anxiety and students’ engagement when
practicing math after school. The results seem to vary across educational contexts, which could
imply that engaging with math outside of school might be favorable for math anxious students
as, for instance, social comparisons are omitted (Bekdemir, 2010). In this context, the use of
process data also has the potential to comprehensively investigate this implication, as process
data are time-stamped. Thus, future research could examine whether math anxious students tend
to avoid practicing with a math learning program more in the morning (i.e., during school hours)

than in the afternoon (i.e., at home).

7.4.2 The Potential of Process Measures

Different process measures could be included in future studies to further investigate the math
anxiety—performance link, as the number of completed tasks might not be the optimal indicator
to display students’ avoidance strategies. This could also explain the missing effects in our
study. Wong and Liem (2022) defined behavioral disengagement as the extent to which students
intentionally withdraw effort and give up on learning activities. Thus, quitting could be a useful
parameter for measuring avoidance, which is understood on a short timescale, for instance,
quitting the learning program and trying again later (Broeke et al., 2022).

Besides behavioral engagement, which our study refers to, theoretical engagement
frameworks also consider a cognitive component (Fredricks et al., 2004). According to Wong
and Liem (2022), cognitive avoidance is defined as the extent to which students are distracted
during learning activities. Thus, future research might also use process measures to test whether
math anxious students avoid math-related tasks on a cognitive level. One approach could be to

use eye-tracking measures during practice with learning programs (Miller, 2015).
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Our results also indicate the importance of taking process-measured engagement into
account when examining effects on performance. A problem with rather traditional approaches
to investigating the effects of math learning programs is that researchers mostly only focus on
comparing the program provision in an experimental group to a waitlist control group (e.g., Bai
etal., 2012; Chang et al., 2015; Shin et al., 2012). When the results reveal null effects, this leads
many researchers to believe that math learning programs are not suitable for fostering students’
math skills (Pellegrini et al., 2021). However, we found that students who completed more tasks
with Math Garden showed higher performance improvements, which aligns with previous
research on students’ engagement within math learning programs (Hassler Hallstedt et al., 2018;
Jansen et al., 2013). This beneficial finding therefore illustrates that the missing effects found
in previous studies that only investigated the program provision might have occurred because
students just practiced too little. Based on this, future research should continue to investigate
the learning environment and the person-related circumstances under which students engage
with math learning programs, especially in the long term, as it is already evident that
engagement often decreases drastically a few weeks after the implementation (Spitzer, 2022).

7.4.3 Limitations

Even though our study provides new insights into the mediating role of avoidance behavior in
the math anxiety—math performance link, it has limitations that need to be considered when
interpreting the results. Firstly, our results are limited to students’ practice behavior in an
adaptive arithmetic learning program; they cannot be applied to other learning environments.
Due to Math Garden’s adaptive nature, math anxious students might have overcome their
assumed lower engagement, but other nonadaptive learning environments might continue to be
avoided due to less perceived control and more persistent failures (Pekrun, 2006). As we did
not intend to manipulate the algorithm responsible for providing adaptive tasks in Math Garden,
future studies might experimentally vary task difficulties when examining practice effects on
math anxious students’ engagement. To follow this suggestion, however, it would be necessary
to assess students’ perception of task difficulty, for example, with an experience sampling
approach, in order to understand the underlying mechanisms of math anxiety, adaptivity, and
students’ engagement.

In addition, Math Garden is limited to fast mental arithmetic tasks, which are less
complex. But, as more feelings of math anxiety are experienced when completing tasks at

higher complexity levels (Barroso et al., 2021), programs that challenge students with word
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problems might continue to be avoided. Thus, our assumptions need further investigation
regarding programs with more complex demands.

Regarding our sample and the study design, two further limitations need to be considered.
Firstly, our sample consisted, on average, of lower-achieving students. Therefore, the results
cannot be generalized to all achievement levels and need further investigation. Secondly,
teacher and parent characteristics might have affected our outcomes, especially students’
practice behavior with Math Garden. Even though we considered differences between classes
in our analytic approach, the teachers might have differed in the support they gave the students
while the students practiced with Math Garden (Eickelmann et al., 2019). The same point might
apply to parental support at home (Moroni et al., 2015). This could also explain the missing
effects of math anxiety on practice behavior, as varying contextual support rather than anxiety
would then have been the more relevant variable; future research should consider such

variables.

7.4.4 Implications

When implementing supportive digital tools for math instruction, there is a pressing need for
practitioners to understand how various student characteristics are associated with practice
behavior in order to encourage those students at risk of practicing less. Even though our results
do not provide evidence that math anxious students practice less, this does not necessarily mean
that math anxious students are not at risk, and we believe that such students might well need
further support due to their lower achievement gains. Moreover, our results suggest that
teachers need to especially encourage students with a migration background in order for them
to have the same chances to benefit from the implementation of digital tools.

The results of the present study also indicate that the effects of digital learning programs
can vary according to how much students engage with them. Thus, teachers are not only
responsible for the successful implementation of a program that provides adaptive support; they
might also play an important role by supporting their students in persistent practicing. In line
with the positive effect of teacher training programs on implementing digital tools (Hillmayr et
al., 2020), we therefore recommend that such training programs should highlight how teachers
can monitor students’ practice. For instance, the teachers’ backend of the Math Garden program
offers them a very detailed overview of which domains their students are practicing in and how

many tasks they have completed.
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7.4.5 Conclusions

Although the negative relationship between math anxiety and math performance is highly
evident in the literature, the mediating role of avoidance behavior remains unclear at this point.
By investigating students’ avoidance behavior in terms of the number of tasks completed (i.e.,
by using process measures) in an adaptive arithmetic learning program over a period of 45
weeks, this study adds a new perspective to the current state of research. Even though we did
not find evidence that avoidance behavior can explain the negative relationship between math
anxiety and math performance, we do not believe that this hypothesis should be rejected as
strong theoretical assumptions indicate that it is a possibility (Eysenck & Calvo, 1992; Eysenck
et al., 2007). Thus, more research is needed to identify the chain of effects behind the use of
(adaptive) learning technologies by math anxious students. Moreover, our results suggest that
varying student characteristics are associated with students’ practice, for instance, students with
a migration background need additional encouragement because they are at risk of practicing
less. Similarly, our findings indicate the importance of regular student practice with learning
programs because, without consistent practice, students may not reap the benefits of the
implementation. Consequently, further research should aim to identify the factors that lead to

persistent and regular practice with such learning programs.
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7 Study 3: The Mediating Role of Practice Behavior

Table S7.4
Total Effects, Indirect Effects, and Direct Effects for Both Practice Periods Without Log-
Transformed Practice Data

Math performance

Bmin  Pmax  SEmin-max Pmin-max
Global math anxiety
Total effect -.10 .04 .011-.022
Total indirect effect -00 -.01 .00-.01 125-.156
Direct effect -.09 .04 .018-.025
Math test anxiety
Total effect —.05 .03 .090-.137
Total indirect effect —.00 .00 .180-.190
Direct effect -.04 -.05 .03 .176-.100
Math calculation anxiety
Total effect -.10 .03 .001-.002
Total indirect effect —.00 .00 .141-.180
Direct effect -09 -.10 .03 .002
Math worry component
Total effect -.06 -.08 .03-.04 .011-.064
Total indirect effect 00 -.01 .01 224316
Direct effect -06 -.07 .03 .019-.075

Note. Results are presented as ranges. Coefficients are standardized.

Significant coefficients are printed in bold (p <.05).
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Table S7.5
Relationship Between Math Anxiety and Practice Behavior for Both Practice Periods Modeled
with Poission Distribution

Completed tasks

Bmin Dmax SEmin-max  95% Clmin  95% Clmax
Global math anxiety -35.32 —43.38 24.97-30.91 —133.90 041
Math test anxiety -23.69 —29.08 18.84-23.29 —87.45 7.12
Math calculation anxiety = —26.36  —35.27 18.31-23.00 —-100.33 1.34
Math worry component —43.99 —49.87 39.44-48.07 —210.91 10.85
Math performance T 2.23 9.82 29.16-37.35 —82.90 70.21
Gender? 0.53 5.96 37.26-45.51 —75.65 109.65
Migration background -52.14 —62.46 21.39-27.15 —131.30 —16.53
Tablet typing speed Ty —44.63 —51.62 39.03-46.47 —197.86 16.28

Remedial math lessons® —208.33 —242.41 71.65-87.66 —493.60 —101.37
Program introduction® 369.70  440.85  127.80-154.77 186.52 873.92
Availability of devices® -31.09 —42.85 73.22-91.90 —250.81 117.43

Note. Results are presented as ranges. Cl = confidence interval. Significant coefficients are

printed in bold (p <.05; zero not included within confidence interval). Reference categories:

male. °no participation. °no introduction. 9no device available.
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8 General Discussion

The use of math learning programs might be a possible way to address the recent challenges
presented by the worrying declines in students’ math competence and the growing achievement
gap (OECD, 2023; Stanat et al., 2022). Thus, based on an adapted supply-use model (Helmke
& Weinert, 1997; Seidel, 2014), the present dissertation aimed to investigate the important role
that students’ practice behavior might play when such supplementary digital supply structures
are offered to students.

For that reason, the computer-based adaptive arithmetic learning program Math Garden
(Klinkenberg et al., 2011; Straatemeier, 2014) was implemented over two substantially long
periods, in both cases as part of a randomized pretest-posttest control group design in samples
of fifth-grade students. The first implementation period included 22 weeks in the 2019/2020
school year; in the second implementation period, students practiced for 45 weeks in the
2021/2022 school year. In both implementation periods, researchers did not supervise students’
practice, but teachers were instructed to integrate the program into their math lessons in a way
that best suited them. Therefore, a huge strength of this dissertation is the high ecological
validity of the program implementation.

Based on the longitudinal data, three empirical studies and two additional replication
analyses were conducted. Study 1 and Study 2 refer to the first implementation period, whereas
Study 3 is based on the data collected within the second implementation period. To investigate
the robustness of the findings, Study 1 and Study 2 were replicated using the data from the
second implementation period. In the three studies and the two replication analyses, the focus
was on students’ practice behavior, which can be understood as behavioral engagement. It was
operationalized with objective trace data that were stored during students’ practice with Math
Garden. This is an underrepresented but sorely needed approach within educational research as
it enables a deeper understanding than that provided by the common self-reported engagement
measures (Azevedo, 2015).

To examine students’ practice behavior, two overarching research questions were
addressed within this dissertation. First, drawing on several established psychological theories
(i.e., the cognitive load theory, the trait activation theory, the situated expectancy-value theory,
and the attentional control theory; Eccles & Wigfield, 2020; Eysenck et al., 2007; Sweller et
al., 1998; Tett et al., 2013), Study 1 and its replication as well as parts of Study 3 examined
how students’ individual characteristics, namely, prior math knowledge, conscientiousness,
math self-concept, math anxiety, socioeconomic status (SES), and a migration background,

212
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were linked to the number of tasks completed in Math Garden. The results could help to identify
certain groups of students who are at risk of practicing less and who, consequently, need more
initial support in order to have the chance of benefitting from math learning program
implementations. Indeed, Study 1 revealed that especially math anxious students, on average,
practiced less with Math Garden. However, the findings from the replication of Study 1 and the
results of Study 3 showed that, although math anxiety was negatively associated with the
number of tasks completed in Math Garden, students with a migration background practiced
less on average. Regarding prior math knowledge, conscientiousness, math self-concept, and
SES, the links found in both Study 1 and its replication were insignificant.

The second research question of this dissertation, which was based on the cognitive theory
of multimedia learning, the self-determination theory, and the control-value theory (Deci et al.,
1991; Mayer, 2014; Pekrun, 2006), examined the effects of Math Garden on students’ learning
outcomes. Hereby, it considered students’ (addition and subtraction) performance, their math
self-concept, and their math anxiety. In addition to testing the effects of the program provision
(Study 2 and its replication analysis), students’ practice behavior was also taken into account
(Study 2 and its replication analysis for all outcomes, Study 3 for performance). This is a huge
strength as most studies so far have neglected students’ actual practice behavior with math
learning program. However, one could assume that practice behavior might be a decisive factor
in whether or not an implementation works. Indeed, in Study 2, there were no statistically
significant effects of the program provision on students’ addition or subtraction performance in
the experimental group compared to the waitlist control group. However, the more subtraction
tasks students in the experimental group completed, the higher their subtraction performance
after the intervention was. This beneficial finding was replicated in the additional analyses
regarding Study 2. Furthermore, the results of Study 3 also supported this assumption, that is,
the number of math-related tasks students completed was positively related to their performance
improvement, whereby performance was measured using a composite score of the domains of
addition, subtraction, multiplication, and division. Regarding an assumed increase in students’
math self-concept, the results of Study 2 revealed a positive effect of the program provision in
the experimental group compared to the waitlist control group. However, in contrast to
expectations, practice behavior in the experimental group was not related to this increase. This
positive effect of the program provision on students’ math self-concept was, however, not
replicated in the additional analysis. With regard to math anxiety, neither the program provision

nor students’ practice behavior had any effect in Study 2 or its replication.
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In the following sections, the results of the empirical studies and the additional replication
analyses are discussed in relation to the two research questions (Section 8.1 and Section 8.2).
After that, the theoretical and practical implications are derived in Section 8.3, before the
limitations are discussed in Section 8.4. Finally, an outlook for future research is given in

Section 8.5, and the dissertation closes with the general conclusions in Section 8.6.

8.1 RQ1: The Associations Between Individual Student Characteristics and Students’

Practice Behavior With a Math Learning Program

On the basis of the adapted supply-use model (Helmke & Weinert, 1997; Seidel, 2014) as well
as established psychological theories on students’ behavioral engagement (i.e., the cognitive
load theory, the trait activation theory, the situated expectancy-value theory, and the attentional
control theory; Eccles & Wigfield, 2020; Eysenck et al., 2007; Sweller et al., 1998; Tett et al.,
2013), Study 1 and the additional replication analysis regarding Study 1 investigated how
students’ prior math knowledge, conscientiousness, math self-concept, math anxiety, SES, and
a migration background were linked to students’ practice behavior in the Math Garden program.
Study 3 contributed to this research question by focusing more closely on students’ math
anxiety and examined how the affective dimensions of math test anxiety and math calculation
anxiety, as well as the cognitive worry dimension, were related to students’ practice behavior.
Within all approaches, students’ practice behavior was operationalized in terms of the number
of tasks completed within the respective implementation period, which varied between 22
weeks in Study 1 and 45 weeks in Study 3.

Study 1 and its replication consistently showed that most variation in students’ practice
behavior could be explained across time. This means that students’ practice varied mostly on
an intraindividual level over the respective implementation periods. However, there was still a
substantial amount of variation that could be attributed to differences between students. Such
interindividual differences in practice might be explained by the individual student

characteristics examined.

8.1.1 Math Anxiety and Students with a Migration Background

Altogether, the results showed that math anxiety and having a migration background in
particular appeared to hinder students from practicing. However, the result pattern varied across
the implementation periods. In the first implementation period (Study 1), math anxious students
practiced less. Hereby, the items specifically measured math test anxiety. In the second

implementation period (the replication of Study 1 and Study 3), a negative bivariate correlation
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was found between a global math anxiety score and the two subcomponents of math test anxiety
and the math worry component and the number of completed tasks. However, the correlations
found were descriptively smaller than those found in the first implementation period.
Furthermore, migration background was also negatively correlated with students’ practice
behavior. It turned out that, according to the statistical models of these investigations, having a
migration background was the more powerful negative predictor of practice behavior, whereas
math anxiety and its individual subcomponents turned out to be insignificant predictors.

This varying pattern of findings might be due to the interplay of two explanations,
namely, (1) sample characteristics with regard to students’ math anxiety level, and (2) the
assessment of students’ migration background. First, it is noticeable that students had on
average descriptively less math anxiety in the second implementation period. Of the
subcomponents, math test anxiety had the highest average mean value in the second
implementation period (the replication of Study 1 and Study 3); however, it was lower than the
average mean value for math text anxiety in the first implementation period (Study 1). The
average mean value for the worry component was even lower, and the average mean value for
math calculation anxiety was, descriptively, the lowest in the second implementation period
(Study 3). These overall lower math anxiety levels might have resulted in the small and only
partially significant bivariate relationships with students’ practice behavior. Taken together,
due to their, on average, lower math anxiety level, students from the second implementation
period might have experienced fewer unpleasant negative feelings with regard to the tasks in
Math Garden, and this might have led to less avoidance behavior (Eysenck et al., 2007).

Second, the assessment of students’ migration background differed between the two
implementation periods. In the first implementation period, students were asked whether they
spoke other languages besides German at home, with answer options yes or no. In the second
implementation period, students were asked how often they spoke German at home and this
question had a four-level response format. Hence, due to the broader answer format, more
substantial, meaningful variance might have been captured, which, in turn, might have
explained more variance in students’ practice. This might also be indicated by the more
complex correlation pattern. In Study 1, a migration background was not correlated with
students’ math anxiety. However, in the replication of Study 1 and in Study 3, significant
correlations were found between having a migration background and math anxiety (r = .19).
This significant link between the two predictor variables could lead to the assumption of a
suppressor effect, but as both variables also showed very similar moderate correlations with the

criteria (i.e., the number of completed tasks), the validity of this assumption is rather unlikely

215



8 General Discussion

(Conger, 1974). Overall, the pattern of results is therefore comprehensible and might suggest
that when students experience less math anxiety, a (continuously measured) migration
background might be the more relevant determinant of students’ practice behavior.

When interpreting this pattern of findings, at least three suggestions can be made. First,
although only the results of Study 1 provided evidence that math anxious students practiced
less, it can hardly be argued that math anxious students are not at risk. This is suggested by the
negative relationship between math achievement and math anxiety stated within the literature
(Aldrup et al., 2020; Barroso et al., 2021; Carey et al., 2015; Ramirez et al., 2018) and by the
lower achievement gains found for math anxious students in Study 3 of the dissertation. Thus,
math anxious students might still need further support when practicing with a math learning
program, as they might experience less control over their skills and resources (Pekrun, 2006).
Specific support strategies will be presented in Section 8.3.

Second, when interpreting the effect of students’ migration background on their practice
behavior, two underlying mechanisms might explain this negative relationship. On the one
hand, previous research has already shown that students with a migration background perceive
their parents to be less responsive when it comes to homework and less interested in school
activities (Dumont et al., 2014). A lack of parental support at home could therefore be one
reason for the lower levels of practice observed in students with a migration background. On
the other hand, it might be important to consider that students’ migration background was
identified based on the language(s) spoken at home. According to Portes and Rumbaut (2001),
a language barrier makes it particularly difficult for students with a migration background to
get involved in learning processes. However, it might be important to note that tasks in Math
Garden are less language-intensive than tasks in many other math learning programs, such as
the word problem-solving tasks in the Bettermarks program. Therefore, it is possible that
students with a migration background might be even more disadvantaged in more language-
intensive programs. In other words, this suggested interplay of less support at home and a
language barrier is indeed unfavorable and might intensify social disparities. To counteract such
widening disparities, Section 8.3 will discuss in more detail how students with a migration
background might be supported when practicing with math learning programs in order to
achieve a similarly high level of practice as their peers without a migration background.

Third, it is also important to keep in mind that assessing a migration background
according to the language(s) spoken at home is certainly one but is not the only indicator of a
migration background (Kast et al., 2021; Konrad-Ristau & Burghardt, 2021). Hence, future

studies might consider the duration of a family’s residence in the respective country and
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whether family members were born abroad. This information could make it possible to further
differentiate between first- and second-generation immigrants; previous research has already
pointed out that first-generation immigrants face greater disadvantages (OECD, 2019; Wendt
et al., 2020). This might also apply to practice with a math learning program.

8.1.2 Prior Knowledge, Conscientiousness, Math Self-Concept, and SES

Although theoretical assumptions and empirical evidence suggest positive relationships
between higher prior math knowledge, higher levels of conscientiousness, a higher math self-
concept, a higher SES, and students’ practice behavior (e.g., see Dong et al., 2020;
Tomaszewski et al., 2020; Trautwein & Lidtke, 2007; Trautwein et al., 2009), no relationship
was found in any of the investigations conducted within this dissertation. This robust pattern of
results, obtained in two different samples, might lead to the cautious suggestion that there are
no associations between the individual student characteristics investigated and students’
practice behavior with a math learning program. However, before these results can be
generalized, further investigations are definitely needed; such investigations could comprise
different sample characteristics (e.g., different age groups, other school tracks) and implement
different math learning programs, as certain program characteristics of Math Garden might
explain the missing effects (see Section 8.4 for the limitations of the studies conducted for this
dissertation). In addition, further alternative explanations cannot be ruled out for the single
predictors.

The tasks in Math Garden are limited to fast mental arithmetic tasks, which have less
complex demands than, for instance, word problem-solving tasks. Therefore, although the
program adapts to different ability levels, students with higher prior math knowledge and a
higher math self-concept might not have found the program more challenging or valuable than
students with lower levels of prior math knowledge or a lower math self-concept. Thus, contrary
to expectations, they may not have practiced more. Conversely, however, this result is also
promising with regard to the question of whether there are at-risk groups who practice less and,
therefore, may not benefit from the implementation of math learning programs. As especially
low-achieving students have low prior knowledge and mostly unfavorable motivational
prerequisites (Chiu & Klassen, 2010; Van der Beek et al., 2017), they are most dependent on
the use of supportive learning opportunities. As students with these characteristics at least did
not avoid practicing with Math Garden, the implementation of the program did not seem to

disadvantage them further.
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Regarding the findings for conscientiousness, the characteristics of the sample used in
this dissertation could be a reason for the lack of effects found, for instance, the younger age
group. In the studies by Trautwein and colleagues, which investigated the effects of
conscientiousness on students’ homework engagement (Trautwein & Liidtke, 2007; Trautwein
et al., 2006), the samples comprised older students. As research has already shown that parental
engagement is particularly high among younger children (Hoover-Dempsey & Sandler, 1997;
Silinskas & Kikas, 2019), parents of less conscientious children could have tried to compensate
for their lower practice behavior by constantly reminding them to use the learning program.
Therefore, parental engagement might explain more variance in practice behavior than
conscientiousness in younger children. In this light, the way in which teachers integrated Math
Garden into math lessons could also have been more decisive than the level of students’
conscientiousness. In a well-structured learning environment, the assumed beneficial
characteristics of more conscientious students, such as higher self-regulation and self-control
(Poropat, 2009), might simply not come to bear. However, this assumption needs to be tested
in further studies.

Regarding students’ SES, the underlying idea behind the expected relationship with
students’ practice was that families with a higher SES generally place higher value on
education, which might lead to more parental involvement and support during learning
processes (Stocke, 2007). Furthermore, families with a higher SES are expected to have more
opportunities to provide students with resources for learning, especially when it comes to access
to and assistance with technology (Napoli & Obar, 2014; Van Dijk, 2005; Vekiri, 2010).
However, in this dissertation, no effect of students’ SES was found on their practice behavior.
In the first implementation period (Study 1), a reason for the absence of the suggested link could
be an invalid assessment. SES was measured via the parents’ educational background (i.e.,
whether they had an Abitur [school leaving certificate enabling university entrance] or not);
however, around 60% of students were not able to provide any information about this variable.
Thus, this measure might not be an optimal proxy; this is also indicated by the missing
relationship with students’ migration background frequently reported in the literature (e.g.,
OEDC, 2019; OECD, 2023, Stanat et al., 2022). Consequently, the results regarding students’
SES and their practice with Math Garden need to be interpreted with caution. In the second
implementation period (the replication of Study 1), SES was again assessed by asking about the
parents’ educational background in terms of the Abitur but also by measuring how many books
students had at home. Again, about 60% of students were not able to provide information about

their parents’ educational background, and this variable was not correlated with students’

218



8 General Discussion

migration background. However, the number of books at home reported by students was
correlated with a migration background in the expected direction (i.e., students with fewer
books at home also reported having a migration background). Thus, the results of the replication
analysis regarding Study 1 provided more valid information on the relationship between
students’ SES and their practice with Math Garden. Nonetheless, SES again turned out to be an
insignificant predictor of the number of tasks completed in Math Garden. A reason for this
missing effect could be that the proxy used referred to students’ cultural capital (i.e., books).
According to Bourdieu’s capital theory (1986), SES is defined not only by families’ cultural
capital but also by their economic capital, such as financial and material assets that can be
converted into money or that are already monetary. This would also include, for instance, digital
devices. In this regard, research has already provided evidence that people with a low SES are
more likely to own a smartphone and to not additionally own a desktop computer or laptop
(Napoli & Obar, 2014). However, this is problematic because smartphones are used more
frequently for entertainment-related or socially interactive purposes and less frequently for
information and learning-oriented purposes, for instance, practicing with a math learning
program (Napoli & Obar, 2014). Additionally, as Math Garden is a web-based and not an app-
based program, its display on a small smartphone screen could be rather unfavorable in contrast
to the display on a tablet or desktop computer. To summarize, to better understand how
students’ SES is related to their practice with a math learning program, it might be necessary to

consider other SES aspects in future studies, particularly the economic capital.

8.2. RQ2: Effects of Program Provision and Students’ Practice with a Math Learning

Program on Students’ Performance, Academic Motivation, and Emotions

Using an adapted supply-use model as well as the cognitive theory of multimedia learning, the
self-determination theory, and the control-value theory (Deci et al., 1991; Mayer, 2014; Pekrun,
2006), Study 2 and its replication investigated how the provision of the Math Garden program
and also students’ practice behavior with the program were related to students’ performance,
their math self-concept, and their math anxiety. Hereby, practice behavior was operationalized
in terms of the number of tasks completed by students, but also via the number of weeks for
which students practiced with Math Garden. Regarding students’ performance, conclusions
were drawn separately for students’ addition and subtraction performance. Additionally, Study
3 contributed to this research question by investigating how the number of math-related tasks
completed in Math Garden was related to students’ overall arithmetic performance (i.e., a
composite score for addition, subtraction, division, and multiplication).
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No effect of the program provision was found on students’ performance in the
experimental group in contrast to the waitlist control group in Study 2 or its replication.
However, significant links emerged between the number of (subtraction) tasks completed and
students’ (subtraction) performance (Study 2, the replication of Study 2, and Study 3). This
means that the more (subtraction) tasks students completed, the higher their (subtraction)
performance improvement was. Regarding students’ math self-concept, the program provision
led to a significant increase in the experimental group in contrast to the waitlist control group
(Study 2). Surprisingly, this effect seemed to be independent of the actual practice behavior of
the students. However, the significant effect of the program provision on math self-concept was
not replicated in the additional analyses. Regarding students’ math anxiety, no effects were

found for the program provision or for students’ practice behavior.

8.2.1 Performance

Study 2, including the replication analysis, failed to yield any empirical evidence regarding the
effect of the provision of Math Garden on students’ performance in addition or subtraction.
Given the ongoing debate about the effectiveness of math learning programs (Byun & Joung,
2018; Pellegrini et al., 2021), the absence of performance effects is not entirely surprising and
underscores the pattern of inconsistent research findings in this field (Tokac et al., 2019).
However, the limitation of many previous studies was due to the fact that they exclusively
examined the effects of the program provision, which only leaves room for speculation about
the reasons for the lack of effects.

One plausible explanation for the missing effects could be that programs such as Math
Garden might not effectively foster students’ math skills. However, considering the fact that
the program is designed to practice what has previously been learned and not to introduce new
content, any anticipated minor effects on performance might be challenging to detect (Kraft,
2020), particularly if students, on average, do not engage enough with the program. Therefore,
an alternative explanation for the missing effects could be that students did not practice
sufficiently with Math Garden to derive any benefits. Nevertheless, to draw further conclusions,
it is necessary to consider the quality of the program provision and also to account for students’
practice behavior. Within this dissertation, the number of tasks completed was primarily
understood as a measure of quantity, whereas the number of weeks spent practicing might better
reflect how regularly students practiced with the program.

The results of both Study 2 and its replication, as well as the results of Study 3,

consistently showed that the more (subtraction) tasks students practiced with Math Garden, the
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higher their (subtraction) performance increases were. These findings are promising and lead
to two considerations, namely (1) how missing effects might be explained regarding the
provision of Math Gardens and (2) that it seems relevant to differentiate between arithmetic
domains.

First, the positive effects of the number of tasks completed by students on their
performance contribute to the idea that students need to actively engage with math learning
programs to benefit from them. However, the large variance in students’ practice behavior and
the rather low average number of tasks completed was striking in all three investigations (i.e.,
Study 2, the replication of Study 2, and Study 3). A subgroup of students seemed to be highly
engaged; thus, effects of the program provision on this subgroup could perhaps be expected in
contrast to the control group. However, the low practice behavior of all other students might
have leveled out this suggested positive effect. Thus, the pattern of findings could indicate that
students in the experimental group, on average, engaged too little with Math Garden, which
might explain the lack of effects regarding the program provision found in Study 2, as well as
its replication. This suggestion needs further testing.

Second, Study 3 showed a positive effect for all math-related tasks that students
completed in Math Garden on their performance improvement. However, performance
improvement was measured in this study with a composite score for the domains of addition,
subtraction, multiplication, and division. This could lead to the question of whether students
benefitted equally regarding the separate arithmetic domains. Study 2 and its replication, which
measured the domains of addition and subtraction separately, consistently showed an expected
effect of the number of subtraction tasks completed on subtraction performance but did not find
an effect for the number of addition tasks on addition performance. It could be argued that the
missing addition effect found in Study 2 might be mainly due to a lack of power because of
sample dropout in the posttest. However, the replication analysis also revealed this
nonsignificant result pattern, even though it comprised a sample three times as large as that in
Study 2. Therefore, a content-related explanation might be needed rather than a statistical
explanation for the lack of effects on addition performance. In this vein, research has already
provided evidence that subtraction is more difficult and complex than addition (Anderson et al.,
2022; Kamii et al., 2001). Possibly, this is why practicing with Math Garden was particularly
helpful for more demanding arithmetic domains (e.g., subtraction). Based on these findings,
future research might also address separate effects in the domains of multiplication and division.

As division tasks are suggested to be more difficult than multiplication tasks (Anderson et al.,
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2022), one could expect to find similar result patterns for these two domains as for subtraction
and addition.

Surprisingly, no effect on performance was found for the number of weeks for which
students practiced with Math Garden. According to the idea of distributed learning behavior
(Toppino & Gerbier, 2014), it is reasonable to assume that the number of weeks spent practicing
is a relevant indicator. This means that practice is most effective when practice sessions are
spread over time with breaks in between, rather than when tasks are repeated in immediate
sequence (Carpenter et al., 2012; Toppino & Gerbier, 2014). The missing effects might have
occurred because the variable was not meaningful enough; most students in both
implementation periods practiced for only a small number of weeks and, thus, only a small—
and probably not meaningful—variance was created within the variables for the number of
weeks. Furthermore, a student who completed 100 tasks in 4 weeks had the same score as a
student who completed 10 tasks in 4 weeks. This could indicate that the variable was possibly
not differentiated enough. Thus, the number of tasks completed seemed to be a more precise
indicator of students’ practice behavior.

Still, the approach of taking the number of weeks spent practicing into account is unique
and provides an initial starting point to investigate further data-driven indicators regarding
students’ practice behavior. To use a more fine-grained measure, future studies could take the
number of days spent practicing into account. Moreover, in terms of challenging the hypothesis
on distributed and massed practicing (e.g., see Carpenter et al., 2012; Toppino & Gerbier,
2014), future investigations could also combine both measurement approaches (i.e., number of
tasks completed and number of weeks/days spent practicing) and use profile analyses to
distinguish between different practicing styles. Four different styles could perhaps be expected,
namely, (1) high in tasks and high in weeks/days, (2) high in tasks but low in weeks/days, (3)
low in tasks but high in weeks/days, (4) low in tasks and low in weeks/days. Hereby, Style 1
and Style 3 might indicate distributed practice on different intensity levels, Style 2 might
represent rather massed practice, and Style 4 might display an unfavorable avoidance type.
Given the high correlation found between the number of tasks completed and the number of
weeks spent practicing in both implementation periods of this dissertation, it could be expected
that most students might belong to either Style 1 or Style 4. However, there could also be other
styles of practice behavior as the relationship is not perfect (i.e., r < 1).

To sum up, the effects of practice behavior (i.e., the number of tasks completed) are
promising and indicate that students need to actively engage with math learning programs to

yield any performance increases. This might apply in particular to more difficult domains, such
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as subtraction. However, regarding the insignificant results of the mere program provision, it is
reasonable to assume that students, on average, practiced too little to show any substantial
performance improvement in contrast to the control group. No effect was found for the number
of weeks spent practicing, but this variable might not have been differentiated enough.
Therefore, the idea of developing other practice behavior indicators suggests valuable avenues

for future research.

8.2.2. Math Self-Concept

The findings from Study 2 indicate that, as expected, the provision of Math Garden was
positively related to students’ math self-concept in the experimental group compared to the
waitlist control group. Given that math self-concept is a crucial predictor of later academic
performance (Eccles & Wigfield, 2020; Guay et al., 2003; Marsh & Martin, 2011), this result
is highly promising. What is notable about the result is the buffering mechanism observed.
While there was a descriptive decline in math self-concept in the waitlist control group over the
intervention period—consistent with prior research suggesting an overall decrease in self-
concept over a school year (Eshel & Klein, 1981; Fraine et al., 2007)—the provision of Math
Garden appeared to counteract this decline and led to a significant increase in math self-concept
in the experimental group. This result aligns with earlier research, for instance, Jansen et al.
(2013) demonstrated a small but positive effect of providing Math Garden on perceived math
competence in a Dutch sample; perceived math competence is a construct closely related to
math self-concept (Lee, 2009).

However, the additional analyses regarding Study 2 were not able to replicate this
beneficial finding of Math Garden’s provision. Still, the descriptive results pattern was similar
to the one observed in Study 2 in terms of a potential buffering effect. This means that, although
math self-concept descriptively dropped within both groups, the decline was descriptively less
strong within the experimental group. Nonetheless, the effect turned out to be insignificant. A
reason for the unexpected finding in the replication might be the use of a different math self-
concept scale to that used in Study 2. This instrument was well suited for the specific age group
and reliability analyses provided good results for the internal consistency, which is why
measurement problems can be ruled out. Thus, the pattern of findings might indicate that the
effect is not stable across different operationalizations. Furthermore, the sample characteristics
might also explain the missing effect, as students in the replication analysis obtained, on
average, higher math self-concept scores in the pretest than students in Study 2 did. The

characteristics of adaptivity and feedback, which were hypothesized as theoretical mechanisms
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for an expected positive effect, might therefore no longer have come into play, as the students,
on average, already had a more positive image of their mathematical abilities.

In short, the pattern of findings in this dissertation might indicate that the effect of Math
Garden’s provision on students’ math self-concept is small (.16 < d <.26) and statistically not
robust. Regarding this result, one might argue that the effect could be negligible. However,
Math Garden’s focus is not exclusively to foster students’ motivation but, rather, to foster
students’ performance; the hypotheses regarding motivation effects were made solely on the
basis of the features of adaptivity and feedback included in the program. This is why large
effects regarding students’ math self-concept were also not expected (Kraft, 2020). Keeping
this in mind, the size of the effect demonstrated in Study 2 (d = .26) is similar to that of an
intervention that solely aimed to increase students’ math motivation (i.e., value beliefs; Gaspard
et al., 2015). Thus, the effects of Math Garden on students’ math self-concept might be
promising, especially when taking specific sample characteristics into account. The samples
from both implementation periods comprised students from non-academic-track schools, who
are, on average, lower-achieving students. As math performance and math self-concept are
closely linked constructs (Marsh & Martin, 2011), lower-achieving students often also have
unfavorable motivational preconditions. Although prior research has already shown that math
learning programs can be particularly effective for low-achieving students in terms of
performance (e.g., Hassler Hallstedt et al., 2018; Ran et al., 2021), the effects on affective-
motivational outcomes have not yet been investigated for such students. Thus, the results of this
dissertation might provide first evidence that interventions such as Math Garden have the
potential to foster lower achievers’ math self-concept (see also Section 8.4 for limitations). To
support this assumption, however, future research is needed.

Contrary to expectations, however, the results of Study 2 and the replication of Study 2
did not provide empirical evidence regarding an effect of practice behavior on math self-
concept in the experimental group. This result is in line with that of Jansen et al. (2013), who
also found no effect of the tasks completed in Math Garden on perceived math competence.
Thus, it appears that the positive association with students’ math self-concept (i.e. the positive
effect of the program provision found in Study 2) seemed to be independent of students’ actual
practice behavior. Against the theoretical suggestions, this would mean that there was no
relationship between the amount of positive feedback students received during practice and the
effect of the program provision on math self-concept. This discrepancy might be explained by
the results of a study conducted by Bernacki et al. (2015), who investigated the effect of

feedback on the motivational construct of self-efficacy. They found that feedback on task
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correctness was related to students’ self-efficacy, particularly at the beginning of a training
session. However, over time, previous self-efficacy became more predictive, while the number
of correct answers and the amount of positive feedback became less relevant. This mechanism
might also apply to students’ math self-concept in the studies of the present dissertation. Thus,
students’ math self-concept might have increased shortly after the provision but then remained
stable at this higher level. To further explore this assumption, future research could assess math

self-concept multiple times during students’ practice with the program.

8.2.3 Math Anxiety

Neither the results of Study 2 nor its replication provided empirical evidence for the expected
effects of providing Math Garden or practicing with Math Garden on students’ math anxiety.
These outcomes align with the findings of Jansen et al. (2013), who similarly did not find any
effects of Math Garden on math anxiety. Drawing on the results of Study 1 and past studies that
showed that math anxious students tend to avoid math and math-related tasks due to unpleasant
thoughts and feelings (Ashcraft & Kirk, 2001; Hembree, 1990; LeFevre et al., 1992; Quintero
et al., 2022), it is reasonable to assume that these students consequently might not have derived
benefits from the adaptive algorithm because they might have practiced too infrequently to
notice that the program adjusts task based on the ability level. This means that they may not
have perceived control over successfully solving the tasks in Math Garden, which has been
proposed to be the underlying theoretical mechanism for potentially reducing math anxiety
(Pekrun, 2006).

Furthermore, researchers have emphasized that math anxiety often begins at a young age
and becomes deeply embedded in students over time (Ashcraft & Krause, 2007; Bekdemir,
2010; Ramirez et al., 2013). Thus, even though students’ experience with Math Garden could
have been positive due to the adaptive algorithm and the positive feedback, this might not
outweigh negative math-related experiences from the past (Jansen et al., 2013).

Additionally, the assessment of math anxiety predominantly focused on math test anxiety
in all investigations. However, students could have perceived Math Garden less as a test tool
and more as an everyday practice tool, which is why their unpleasant feelings regarding math-
related test situations might not have been minimized. Thus, Math Garden might be more
effective in reducing other subcomponents, such as math calculation anxiety (Lukowski et al.,
2019). In this light, a study by Lukowski and colleagues (2019) showed a strong negative
relationship between math calculation anxiety and performance when controlling for other

anxiety subcomponents. However, due to Math Garden’s adaptive algorithm, students’ chances
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of solving tasks correctly are high (i.e., at least 75%). Hereby, a substantial amount of positive
program feedback should make this beneficial process salient to students and, consequently,
imply good performance. Due to the strong link between math calculation anxiety and math
performance, one could suggest that students suffering from math calculation anxiety might be
very sensitive to this positive performance feedback, which, in turn, could reduce their math
calculation anxiety. However, with regard to the results that math anxious students potentially
practice less with math learning programs, it might be crucial to ensure that students with high
math calculation anxiety actually perceive the beneficial mechanisms by interacting sufficiently
with the program. To gain a more holistic understanding regarding the potential effects of math
learning programs on students’ math anxiety, future investigations should consider other

aspects of math anxiety, such as math calculation anxiety, as an outcome.

8.3 Theoretical and Practical Implications

8.3.1 Theoretical Implications

Theories aim to reduce complex relationships to the interaction of a limited number of highly
relevant variables. Thus, they facilitate the differentiated understanding of connections, enable
predictions to be made, and enhance the successful planning of effective interventions
(Borshoom et al. 2021). In other words, strong theories are essential for high-quality scientific
research (Jonas et al., 2022).

When investigating the effects of (math) learning programs, most studies so far have
based their assumptions on why learning programs might be beneficial for students’ learning
on models such as the cognitive theory of multimedia learning (Mayer, 2014). Indeed, Mayer
(2014) provided strong rationale for why a program has the potential to foster students’
learning, that is, through interactive elements such as adaptivity and feedback. Still, the
assumed relationship refers exclusively to mechanisms within the program, that is, it takes a
rather program-centered perspective and does not facilitate any assumptions about how person-
related factors, such as students’ interaction with a learning program, may contribute to
potential effects. Addressing this deficit, Reinhold et al. (2024) very recently introduced a
cognitive process framework for the mechanisms of learning with digital tools (CoDiL). In this
framework, the idea is that, through digitally enriched instruction, such as the provision of
digital tools that include beneficial features like adaptive feedback prompts, and students’
learning activity with such digital tools, knowledge could evolve (Reinhold et al., 2024).

Hereby, the CoDiL framework puts a special focus on cognitive processes during students’
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learning activity and their knowledge acquisition. However, while this framework is
progressive in terms of integrating students’ learning behavior into an assessment, it focuses
solely on knowledge acquisition, that is, performance, and neglects to consider further
contextual factors such as students’ individual preconditions. Up until now, there is no common
comprehensive theoretical model within learning program research that links contextual factors,
such as students’ characteristics, and program-related factors with students’ learning processes
and their learning outcomes. Making such links could be important for researchers as it could
enable them to derive testable hypotheses; it could also be important from the perspective of
forming a common understanding within the learning program research community about
which direction future investigations should take.

Even though the three empirical studies and the additional replication analyses conducted
in this dissertation were not able to confirm all assumptions regarding the theoretical model,
the results show that adapting a supply-use model to the context of providing a math learning
program can offer new perspectives. Based on this model, it was hypothesized that contextual
factors, such as students’ individual characteristics, are related to their practice behavior with a
math learning program and, in turn, that students’ practice behavior is associated with various
learning outcomes, such as students’ performance, their academic motivation, and their
emotions. The results empirically supported the theoretical assumption that specific student
characteristics (math anxiety and a migration background) are related to their practice behavior
and that students’ practice behavior is related to their performance. Accordingly, the adapted
model might be a valuable starting point for future investigations. For instance, the model could
further assume that parent and teacher characteristics might also play an important role in the
successful implementation of a math learning program. Such contextual factors were not
addressed within this dissertation (see limitations in Section 8.4 and future research in Section
8.5).

Besides the described advantages, the adapted supply-use model nonetheless also has
limits. For instance, it cannot explain the lack of an effect on students’ math anxiety or why
Study 2 found an effect of Math Garden’s provision on students’ math self-concept that
appeared to be independent of their practice behavior. For this reason, the rather broad model
would benefit from the integration of more in-depth perspectives on the underlying processes.
Against this background, Vanbecelaere et al. (2023) recently proposed a theoretical assessment
framework for investigating the effectiveness of digital learning programs that includes
students’ practice behavior and potential cognitive (e.g., performance) and noncognitive

outcomes (e.g., academic motivation and emotions). The authors presented two nuanced
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measurement strategies, which formed the center of this framework. First, regarding potential
outcomes, researchers should differentiate “when” to assess them, such as during the
intervention, immediately after the intervention, or significantly after the intervention
(Vanbecelaere et al., 2023). Regarding the missing and mixed result pattern of students’ math
anxiety and math self-concept found in this dissertation, a measurement during the intervention
(i.e., using experience-sampling methods; see also Section 8.5 for future research suggestions)
might shed light on how students perceive a program’s adaptivity and feedback (which were
assumed to be underlying effect mechanisms) during practice. Second, Vanbecelaere et al.
(2023) emphasized the relevance of using various data sources, such as process measures,
physiological data, observational data, questionnaire data, test data, and interview data. This
applies to both the outcomes and students’ practice behavior. As already pointed out, this is an
important approach as it can minimize potential biases (Azevedo, 2015).

To sum up, the adapted supply-use model (Helmke & Weinert, 1997; Seidel, 2014) and
the assessment framework proposed by Vanbecelaere et al. (2023) have different focuses. While
the supply-use model puts a key focus on students’ use of a supply structure (i.c., math learning
programs) and on context-related factors, Vanbecelaere et al.’s framework concentrates more
on the differentiated assessment of students’ outcomes. The two theories could therefore
complement each other in essential aspects. In combination, they might serve as a starting point
for establishing a common model, with a sound theoretical grounding, for examining the
contextual factors related to students’ use of (math) learning programs and a wide range of

cognitive and noncognitive learning outcomes.

8.3.2 Practical Implications

When discussing practical implications of adaptive math learning programs such as Math
Garden, it is important to emphasize that these are supplementary tools to support students in
the math learning process, and they are not intended to replace traditional math instruction. As
an additional tool, they offer the advantage of being flexible, that is, teachers can either integrate
them into lessons to enable individualized learning or assign practice as homework. However,
even though all students receive the same learning program, the results of this dissertation
suggest that not all students might equally benefit from it. Thus, practitioners might play an
important role in making the implementation of math learning programs successful.

This dissertation provides empirical evidence that students with specific characteristics,
such as math anxious students and students with a migration background, need additional

support in a math learning program implementation in order to achieve a similar level of
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practice as their peers with less math anxiety or without a migration background. Without such
support, these students may practice less, thereby missing the potential benefits of the program.
Math anxious students might especially focus on the unpleasant negative emotions and feelings
triggered by the math content, resulting in less perceived control over the resources required to
successfully solve a task (Ashcraft & Moore, 2009; Pekrun, 2006). Thus, in line with the
control-value theory (Pekrun, 2006), potential support strategies could be based on increasing
math anxious students’ perceived control. For instance, the initial stage of the program
implementation could involve offering an extended guided introductory period. This could help
to make math anxious students feel more at ease with the program. Within adaptively working
programs, it might also be useful to lower item difficulties to give math anxious students even
higher chances of success in the first place (Rocklin & Thompson, 1985). For instance, within
Math Garden, teachers can manually set the default setting of 75% solution probability to 90%
solution probability. Prior research has suggested that students tend to experience less math
anxiety when they perceive their teachers as being highly aware of and responsive to their
emotional needs (Aldrup et al., 2020). Consequently, cultivating teachers’ sensitivity to the
needs of math anxious students could help these students to overcome their inhibited practice
behavior. Hereby, teachers can demonstrate sensitivity in various ways. This includes actively
and consciously observing indicators of students requiring support or assistance, such as
changes in behavior, facial expressions, or gestures (Pianta et al., 2012). Consistent responses
to students’ needs, such as allowing sufficient time for task processing, are also crucial.
Additionally, teachers can contribute to reducing math anxiety by enhancing students’
autonomy, offering positive feedback, and fostering a positive error culture (Brandenberger &
Moser, 2018). In the context of practicing with math learning programs, this might involve
allowing math anxious students to initially choose the domains they wish to practice.
Regarding students with a migration background, studies have shown that these students
often perceive migration as a possibility for social advancement and thus come motivated with
high ambitions (Kao & Tienda 1995; Stanat et al., 2010). However, they are mostly unable to
realize these ambitions, which is usually attributed to a lack of (family) resources and a
language barrier (Stanat et al., 2010; Portes & Rumbaut, 2001). Thus, this is where practitioners
might take action to overcome the inhibited practice of students with a migration background.
Regarding material resources, a digital divide for students with a migration background is
evident (Van de Werfhorst et al., 2022). This means that these students are more often
smartphone users and do not own a tablet or desktop computer (Ertl et al., 2020). However,

smartphones tend to be used more for socially interactive and entertainment-related purposes
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(Napoli & Obar, 2014), which may distract students from learning. In contrast, tablets and
desktop computers are more likely to be used for learning purposes (Napoli & Obar, 2014).
Tablets and desktop computers also offer larger screens, on which web-based learning programs
such as Math Garden can be more accurately displayed. Thus, it might be necessary to ensure
that students with a migration background have at least a tablet available for practicing with
math learning programs at school and at home. In addition to this digital divide, a language
barrier might hinder students with a migration background from practicing, which is why
teachers need to make sure that these students can clearly follow the instructions when a math
learning program is implemented. To address language barriers over the long term, students
with a migration background could collaborate with a native-speaking peer while engaging in
practice sessions during school hours. This collaborative approach could provide a low-
threshold way to ask language-related questions. It is essential to note that tasks in the Math
Garden program are less language-intensive, but they still seemed to disadvantage students with
a migration background. Thus, practitioners utilizing programs with a greater emphasis on
language, for instance, programs including word problem-solving tasks such as Bettermarks,
should keep this in mind. However, a language barrier could also hinder the parents of students
with a migration background from supporting them with practice at home (Dumont et al., 2014).
Thus, it might also be important to provide information about the provision of the program at a
parents’ evening and to offer translated instructions on how the program works.

The findings of this dissertation regarding the effects of practice behavior on students’
performance, including a domain specificity regarding subtraction, have two further important
implications for teachers. First, simply providing students with a math learning program might
not mean that they will definitely benefit from it. The teacher’s role could therefore be to
support the students in continuously and systematically engaging with the math learning
program provided (Spitzer & Musslick, 2021). In this light, teachers could establish short but
regular practice sessions within their math lessons, for instance, 10 minutes at the end of the
lesson, to familiarize students with everyday practice. Furthermore, they should prioritize
acknowledging students’ efforts during practice sessions rather than focusing solely on their
performance results (Blackwell et al., 2007).

Second, regarding the result that students’ subtraction performance improved depending
on the number of subtraction tasks they completed, it could be recommended that Math Garden
is used specifically to foster students’ subtraction skills. Against this background, it is the
teacher’s responsibility not only to ensure regular practice but also to monitor the domains in

which students practice. For instance, students might not benefit if they practice too few
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subtraction tasks or if they only practice easier addition tasks. This underscores the relevance
of introducing teachers to the possibility of monitoring their students’ practice during the
program implementation (Hillmayr et al., 2020). In Math Garden, teachers can, for example,
monitor the number of tasks that students complete within each domain in a teachers’ back end.
In this back end, they also have the possibility to prioritize domains, such as subtraction, so that
the domain is highlighted for students. Additionally, they can temporarily block certain
domains, which might be useful if students, for instance, practice only addition and no other
domain. Future research is warranted to derive practical implications regarding other arithmetic
domains, such as multiplication and division.

Lastly, the potential of Math Garden to foster students’ math self-concept might also be
promising for practitioners. According to the expectancy-value theory (Eccles & Wigfield,
2020), a higher math self-concept could lead to higher student engagement in math and math-
related tasks. This suggested beneficial mechanism, in turn, might have lasting effects on
students’ future math performance (Eccles & Wigfield, 2020; Guay et al., 2003; Marsh &
Martin, 2011). However, for the Math Garden learning program, these assumptions need to be
tested further.

8.4 Limitations

Some important limitations need to be considered when interpreting the results of the present
dissertation. Given that the majority of high-achieving students in Germany typically attend
academic-track schools (Maaz et al., 2008), it is important to note that the samples from both
implementation periods only comprised students from non-academic-track schools, that is, on
average, lower-achieving students. Consequently, the findings might not be broadly applicable
to all types of schools in Germany, nor to all achievement levels, and they need further
investigation.

Furthermore, even though the high ecological validity of the implementation of the
learning program Math Garden in this dissertation makes it a desirable approach, it comes with
the disadvantage that environment-related variables cannot be adequately controlled for. It was
hoped that randomization at the class level in Implementation Period 1 and randomization at
the school level in Implementation Period 2 would partially counteract this disadvantage, as
relevant unknown third variables would be held constant. Nonetheless, the environment in
which students usually practiced with Math Garden (i.e., in school or at home) was not known.
However, specific environment-related factors could have affected their way of engaging with

the program. It can be assumed that students’ use of the program during school hours involves
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teacher-related factors, whereas their use at home involves parent-related factors (Wong &
Liem, 2022). Such mechanisms were, however, not considered within this dissertation although
they may be highly relevant. A successful program implementation in class might depend on
the digital skills of the teacher and their attitude towards digital media (Eickelmann et al., 2019)
but also on their access to technical devices and additional support, which would enable them
to confidently use the program within math instruction (Ozel et al., 2008). Therefore, future
research should take such teacher-related characteristics into account. A first approach to how
to investigate the implementation quality in connection with teacher-related aspects and based
on process measures is discussed in Section 8.5. With regard to parent characteristics, studies
on the quality of parental homework support indicated that high levels of responsiveness and
structure could have positive effects on students’ learning outcomes but that high levels of
control appeared to be unfavorable (Benckwitz et al., 2023; Dumont et al., 2014; Senkbeil,
2023). Similar mechanisms might apply when students practice with math learning programs
at home. For instance, students might engage most effectively when their parents are available
to respond to questions, such as questions on the technical use of the program or questions on
solving a specific math task. Furthermore, it might be beneficial if parents remind their children
to practice and support them in structuring the time for practicing. However, parents should not
control their child’s practice, that is, they should not interfere unless the child asks for help.
Thus, these forms of parental support could be related to the use of a math learning program at
home and might be considered in future research.

Regarding the specific learning program implemented in this dissertation, it should be
noted that Math Garden mainly contains tasks on arithmetic operations that are generally less
complex. In addition, the program works adaptively on students’ individual performance level
and also offers corrective feedback and incentives. Therefore, the effects found might be
primarily due to these specific program characteristics and features. In this light, future research
might investigate how varying task complexity, using adaptive processes that function
differently, varying feedback complexity, and using different incentive systems could

contribute to similar effects.

8.5 Future Research

The aim of this dissertation was to investigate whether math learning programs such as Math
Garden can provide students with a beneficial supply structure for learning and, in particular,
how student characteristics and their behavior with the program might contribute to these

benefits. These questions are still not definitively answered and the way in which various other
232



8 General Discussion

factors may be associated with a successful learning program implementation remains unclear.
Based on the ideas and findings of this dissertation, future research might therefore focus on
investigating (1) the underlying processes during students’ practice with such learning
programs and (2) the role of the teacher with regard to the quality of the program
implementation.

The results of this dissertation cannot answer the question of why programs like Math
Garden might work. The assumed underlying theoretical mechanisms, such as students’
perception of adaptivity, feedback, and rewards during practice, were not examined but rather
taken as beneficial preconditions. However, one can speculate that, for instance, no effects on
students’ math anxiety were found because students did not perceive that tasks were more
controllable due to the adaptive algorithm. Therefore, future research could investigate
students’ perceptions of program mechanisms such as adaptivity and feedback during their
practice with the program, especially regarding their effects on students’ motivation and
emotions. Within the field of computer-based educational testing, similar approaches have
already been considered, such as on-task investigations that consider the effect of the
complexity of feedback error messages on students’ situative affect and motivation (e.g.,
Kuklick et al., 2023; Kuklick & Lindner, 2021). The results of such investigations showed that
less complex feedback that was provided after incorrect responses might be detrimental to
students’ motivation (Kuklick et al., 2023). However, these investigations mostly referred to a
single assessment situation that was usually carried out under laboratory-like conditions. In
contrast, programs such as Math Garden might be understood more as practice tools and less as
test instruments; therefore, it is important to investigate their effects in the long term under
highly ecological conditions.

A suitable method for examining such program mechanisms could be the use of
experience sampling (i.e., repeated measures, e.g., Niepel et al., 2022; Tali¢ et al., 2022). With
this method, students are presented with very short one-item questions several times on a daily
basis. Hereby, they might provide information on how difficult they found the previously solved
math tasks and on how they perceived their chances of successfully solving the following math
tasks. Additionally, students’ situative math self-concept or their situative math anxiety could
be assessed. Over time, task difficulty could then be varied according to a within-person design.
Thus, on the basis of the assessment of these intraindividual trajectories, researchers might be
able to investigate how students’ affective-motivational states develop during practice with
math learning programs by considering the actual and perceived task difficulty level. While

additionally considering students’ level of engagement in terms of process measures and taking
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a strong person-centered perspective, this might shed light on the puzzling but important
question of how the reciprocal interplay of these variables can contribute to students’ short- and
long-term performance increases as a result of their engagement with digital math learning
programs.

As mentioned above, this dissertation is limited regarding information on how teachers
integrated Math Garden into their instruction or how they structured student practice. Thus, in
future studies, researchers could integrate teacher questionnaires that assess, for instance, how
often teachers use the tool in class or assign it as homework. However, such self-reports could
be biased and might hinder an understanding of the actual quality of the program
implementation (Donaldson & Grant-Vallone, 2002). To facilitate assumptions about
implementation quality that are based on more objective measures, stored process measures
could be further analyzed using methods from the field of learning analytics (e.g., GaSevi¢ et
al., 2015). Regarding such methods, the idea is that, by clustering process-measured data,
meaningful data patterns might emerge (e.g., Khalil & Ebner, 2017; Kizilcec et al., 2017). For
instance, based on the cluster ID (i.e., indicating the certain class to which a cluster belongs)
and a time stamp, it is possible to determine whether a teacher used a learning program more
within instruction (i.e., students practiced more during morning hours) or assigned it more as
homework (i.e., students practiced more during afternoon hours). Furthermore, by examining
the individual domains that students practiced within their cluster according to a specific time
point, it would be possible to derive information about the extent to which teachers structured
students’ use of the program; if most students in a cluster practiced the same domain at the same
time, this might indicate a highly structured use. If students practiced different domains, in
contrast, this would indicate a less structured use. Thus, such “features”, which are suggested
to group the massive process-data structures into meaningful data patterns, could serve as
indicators of the implementation quality of math learning programs. Against this background,
a high implementation quality might be defined by distributed and consistent program use
during school hours and at home, as well as by a structured task assignment, which, in turn,
could have a positive effect on students’ performance improvement (Toppino & Gerbier, 2014).
However, with regard to the basic dimensions of teaching quality (Klieme et al., 2001;
Praetorius et al., 2018), it is reasonable to assume that certain dimensions, such as classroom
management, might be related to implementation quality. Thus, future research could address
how the relationship between teaching quality dimensions and students’ math performance is

mediated by the objectively measured quality of the program implementation.
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8.6 Conclusions

In the hope that math learning programs can counteract the worrying decline in students’ math
competence and the widening achievement gap (OECD, 2023; Stanat et al., 2022), research on
math learning programs has taken off in recent years (Byun & Joung, 2018; Ma et al., 2014;
Sailer & Homner, 2020; Tokac et al., 2019). Nonetheless, the findings so far are mixed and the
programs do not seem to meet the expectation that they can successfully support student
learning (Pellegrini etal., 2021). However, it should be noted that the studies conducted up until
now usually only investigated the mere provision of programs (e.g., see Bai et al., 2012; Chang
et al., 2015; Hung et al., 2014; Shin et al., 2012), which means that the possible variation in
students’ engagement was largely neglected (cf. Haleva et al., 2021; Hassler Hallstedt et al.,
2018; Spitzer, 2022). However, this might be a decisive factor in whether a program
implementation is successful or not (Cheung & Slavin, 2013; Ozel et al., 2008).

Employing the supply-use model (e.g., Helmke & Weinert, 1997; Seidel, 2014), the
present dissertation went beyond this limited approach to pose two relevant research questions
with regard to students’ actual engagement (i.e., practice behavior). First, it examined how
individual student characteristics, namely, prior math knowledge, conscientiousness, math self-
concept, math anxiety, SES, and a migration background, were related to students’ practice
behavior, and, second, it examined how the program provision, as well as students’ practice
behavior, contributed to effects regarding students’ learning outcomes (i.¢., performance, math
self-concept, and math anxiety). To address both questions, the adaptive arithmetic learning
program Math Garden was offered to students in two implementation periods, varying between
22 and 45 weeks. In the resulting three studies and two additional replication analyses, students’
practice behavior was operationalized with objective process data.

First, the findings indicated that math anxious students and students with a migration
background displayed lower levels of practice. A migration background might be the more
relevant determinant of students’ practice when students experience less math anxiety;
however, this assumption needs further testing. For practitioners, these results indicate that
students with a migration background and math anxious students need more initial support and
encouragement in order to reach a similar level of practice as their peers with less math anxiety
or without a migration background, i.e. to at least get the chance to benefit from a math learning
program implementation. In contrast, prior math knowledge, conscientiousness, math self-
concept, and SES were not related to students’ practice. These results are positive as they imply

that such characteristics do not appear to disadvantage students in terms of practice behavior.
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However, further research is needed to draw more general conclusions for other learning
programs, age groups, and school tracks.

Second, the results provided evidence that higher levels of practice (i.e., higher numbers
of completed tasks) were linked to students’ performance increases. Furthermore, the results
suggested that this might especially apply to more difficult domains (e.g., subtraction) in
contrast to easier domains (e.g., addition). However, it was noticeable that students varied
highly regarding their practice and, on average, did not practice much. This might be the reason
for the missing effect regarding the mere program provision in the experimental group in
contrast to the control group. For researchers, the pattern of findings indicates the relevance of
considering students’ practice behavior when drawing conclusions about the missing effects of
a program provision on students’ performance. For practitioners, this underscores the
importance of ensuring that students systematically and consistently practice with a math
learning program if performance improvements are to be achieved.

With regard to students’ academic motivation and emotions, the findings indicate the
potential of (adaptive) math learning programs to foster students’ math self-concept; however,
the effects were small and varied in their statistical significance. Still, keeping in mind the
important role that math self-concept plays in students’ future performance (Marsh & Martin,
2011), this result might be promising. Interestingly, the effect seemed to be independent of how
much students practiced with the program. Regarding students’ math anxiety, no effects were
found. These findings suggest that students’ perception of adaptivity and feedback should be
investigated more closely in future research.

To conclude, this dissertation, with its high ecological validity, provides relevant insights
for researchers and practitioners, whereby two key messages can be derived. First, certain
students may be at risk of avoiding practice with math learning programs. Second, students
need to actively engage with a math learning program to unlock its potential to improve their
performance. Consequently, future research should aim to identify the contextual factors that
lead to persistent and regular practice for all students. Against this background, the ideas and
results of this dissertation can provide a nuanced road map for future research on math learning

programs that, for instance, could take teachers and parents into account.
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Deutschsprachige Zusammenfassung

Der Erwerb mathematischer Kompetenzen ist von zentraler Bedeutung fiir die erfolgreiche
Teilhabe an der modernen Gesellschaft (OECD, 2023). Individuen, die Uber hohe
mathematische Kompetenzen verfligen, neigen eher dazu, ihre schulische Ausbildung
erfolgreich abzuschliefen und anschlielend ihre berufliche Karriere erfolgreich zu verfolgen
(Bailey et al., 2014; Barbieri et al., 2021; Duncan et al., 2007; OECD, 2019), wahrend Personen
mit unzureichend entwickelter mathematischer Kompetenz eher zu Schulabbruch,
Arbeitslosigkeit und somit einer erhéhten Wahrscheinlichkeit der Entwicklung von
psychischen Erkrankungen neigen (Bynner & Parsons, 2006). Lander wie Deutschland sehen
sich jedoch mit einem besorgniserregend starken Riickgang der mathematischen Kompetenzen
von Schiler:innen sowie einer zunehmenden Leistungsheterogenitat konfrontiert (OECD,
2023; Stanat et al., 2022). Diese beiden unglnstigen Entwicklungen sind alarmierend und es
besteht folglich ein erheblicher Bedarf, Lehrkrafte hinsichtlich der Umsetzung eines
hochwertigen Mathematikunterrichts auf unterschiedlichen Leistungsniveaus zu unterstiitzen
(Brasiel et al., 2016). Um diesen Herausforderungen zu begegnen, scheint der Einsatz
computergestutzter Mathematiklernprogramme vielversprechend, da viele Programme die
Auswahl der Aufgaben entsprechend dem Leistungsniveau der Lernenden ermdglichen.

Insgesamt  weisen  metaanalytische  Ergebnisse auf das Potenzial von
Mathematiklernprogrammen hin, da deren Implementation Uberwiegend positiv mit der
Leistung der Schiler:innen assoziiert ist (vgl. Brasiel et al., 2016; Higgins et al., 2019; Hillmayr
et al., 2020; Ma et al., 2014; Ran et al., 2021; Sailer & Homner, 2020). Allerdings sind die
Zusammenhdnge insgesamt eher klein und die Heterogenitat der Befunde in den empirischen
Originalstudien ist auffallig (vgl. Byun & Joung, 2018; Tokac et al., 2019). Aufgrund der
vielfach nicht signifikanten Effekte wird vermehrt die Wirksamkeit solcher
Lernprogramminterventionen infrage gestellt (Pellegrini et al., 2021).

Eine Limitation bei herkdmmlichen experimentellen Ansédtzen zur Untersuchung der
Effekte von Mathematiklernprogrammen besteht jedoch darin, dass Forschende sich meist
darauf beschranken, die Programmbereitstellung in einer Experimentalgruppe lediglich mit
einer Wartekontrollgruppe zu vergleichen (vgl. Bai et al., 2012; Chang et al., 2015; Shin et al.,
2012). Dieser sogenannte Goldstandard-Ansatz gewéhrleistet zwar wichtige Voraussetzungen
fiir Riickschliisse auf Kausalitat (Eid et al., 2017), fihrt jedoch dazu, dass bei nicht signifikanten
Effekten h&ufig der Schluss gezogen wird, Mathematiklernprogramme seien moglicherweise

nicht geeignet, um Schuler:innen bei der Entwicklung ihrer mathematischen Fahigkeiten zu

250



Appendix

unterstitzen (Pellegrini et al., 2021). Allerdings mangelt es dieser VVorgehensweise an der
erforderlichen Tiefe, um die zugrunde liegenden Wirksamkeitsmechanismen zu verstehen und
er bietet dartber hinaus keine Gberprifbaren Erklarungen fir nicht signifikante Effekte. Daher
ergibt sich die Notwendigkeit, traditionelle Fragestellungen und Methoden zu erweitern, um
das mogliche Potenzial von Mathematiklernprogrammen weiter zu erforschen.

Ein vielversprechender Ansatz besteht darin, die Interaktion der Schiler:innen mit dem
bereitgestellten Programm eingehender zu betrachten. Dabei konnte das variierende
Nutzungsverhalten der Schuler:innen eine Schlusselrolle spielen, da empirische Hinweise
bereits darauf hindeuten, dass die Intensitat der Nutzung durch die Schiler:innen positiv mit
den Effekten des Programms zusammenhadngen koénnte (Cheung & Slavin, 2013; Ozel et al.,
2008). Es reicht somit moglicherweise nicht aus, den Schilern lediglich ein
Mathematiklernprogramm anzubieten; vielmehr scheint es von Bedeutung, dass die
Schiler:innen ber einen langeren Zeitraum regelméaRig mit solchen Lernprogrammen (ben,
um Lernerfolge zu erzielen. Obwohl diese grundsatzliche Annahme zu erfolgreichem Lernen
auch in der Kognitionspsychologie weithin akzeptiert und verbreitet ist (vgl. Gerbier &
Toppino, 2015; Toppino & Gerbier, 2014), haben bisherige empirische Studien zu den Effekten
von Mathematiklernprogrammen das tatsdchliche Nutzungsverhalten der Schiler:innen
uberwiegend nicht mit einbezogen (vgl. Bai et al., 2012; Brezovszky et al., 2019; Chang et al.,
2015; Huang et al., 2014; Hung et al., 2014; Shin et al., 2012). Hinsichtlich der Erfassung des
Nutzungsverhaltens bieten (Mathematik-) Lernprogramme aber ein groRes Potenzial, da
Prozessdaten (z. B. die Anzahl der geubten Aufgaben oder aktive Lernzeit) ékonomisch
wahrend des Ubens erfasst und gespeichert werden, wodurch behaviorales Engagement
objektiv abgebildet werden kann (Azevedo, 2015).

Aus diesen Uberlegungen ergeben sich zwei zentrale Ansatzpunkte, die neue
vielversprechende Mdglichkeiten eréffnen, um das Potenzial von Mathematiklernprogrammen
eingehender zu untersuchen. Erstens stellt sich die Frage nach den Pradiktoren des
Nutzungsverhaltens der Schuler:innen, da allein die Bereitstellung eines Programms nicht
zwangslaufig bedeutet, dass alle Schuler:innen gleichermaRen Uben. Daher kénnte eine
Untersuchung, ob individuelle Schuler:innenmerkmale wie kognitive,
personlichkeitsbezogene, affektiv-motivationale oder familidre Voraussetzungen mit ihrem
Nutzungsverhalten in Verbindung stehen, wichtige Erkenntnisse liefern. Psychologische
Theorien, wie die Attentional Control Theory, die Cognitive Load Theory, das situative
Erwartungs-Wert-Modell bzw. die Trait Activation Theory (Eccles & Wigfield, 2020; Eysenck
etal., 2007; Sweller et al., 1998; Tett et al., 2013) liefern eine theoretische Fundierung fur diese
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Annahme, da sie Aussagen Uber Zusammenhédnge zwischen individuellen Merkmalen von
Person und Verhalten treffen. Ebenso konnten empirische Studien aus der Hausaufgaben- und
Unterrichtsforschung beispielsweise bereits zeigen, dass gewissenhafte Schuler:innen bzw.
Schiler:innen mit einem hoheren mathematischen Selbstkonzept mehr Zeit und Anstrengung
hinsichtlich der Aufgabenbearbeitung im Fach Mathematik investierten (vgl. Koller et al.,
2000; Trautwein & Ludtke; 2007; Trautwein et al., 2009). Bisher gibt es jedoch im Kontext des
digitalen Lernens Kkeine Untersuchungen zum Zusammenhang von individuellen
Schiler:innenmerkmalen und objektiv gemessenem Nutzungsverhalten (d.h. Prozessdaten) in
einem Mathematiklernprogramm.

Zweitens konnte variierendes Nutzungsverhalten erklaren, warum einige Schiler:innen
von der Bereitstellung eines Mathematiklernprogramms hinsichtlich ihrer Leistung profitieren,
wéhrend andere dies nicht tun. Durch die Betonung der aktiven Auseinandersetzung mit
Lerninhalten bei der Nutzung von digitalen Tools stiitzt die Cognitive Theory of Multimedia
Learning (Mayer, 2014) den erwarteten Zusammenhang zwischen dem Nutzungsverhalten der
Schiler:innen und deren Mathematikleistung. Um eine ausreichende Auseinandersetzung mit
dem Lerninhalt sicherzustellen, wird zwar in den meisten Lernprogramminterventionen
ublicherweise darauf geachtet, dass die Schuler:innen eine festgelegte Anzahl von Aufgaben
Uber einen bestimmten Zeitraum hinweg absolvieren (vgl. Brezovszky et al., 2019; Huang et
al., 2014; Rodrigo, 2011; Shin et al., 2012; Van den Heuvel-Panhuizen et al., 2013); das
Nutzungsverhalten der Schiler:innen kénnte jedoch trotzdem variieren. AuBerdem kann dieser
Ansatz nur begrenzte Informationen darlber liefern, wie die Schiiler:innen mit dem Programm
interagieren, wenn sie unbeaufsichtigt sind — nicht nur in der Schule, sondern beispielsweise
auch zu Hause. Bisher haben nur wenige Studien Schuler:innen ein Mathematiklernprogramm
in einer 6kologisch validen Umgebung bereitgestellt und das Nutzungsverhalten anhand von
objektiven ProzessmaRen berticksichtigt. Die vorhandenen Studien lieferten jedoch erste
vielversprechende empirische Hinweise darauf, dass die Mathematikleistung der Schdiler:innen
zunimmt, je mehr mit dem jeweiligen Programm getibt wurde (Hassler Hallstedt et al., 2018;
Jansen et al., 2013; Spitzer, 2022).

Die Annahme, dass Schiler:innen durch die Nutzung von Mathematiklernprogrammen
profitieren konnen, bezieht sich allerdings nicht nur auf die schulische Leistung, sondern auch
auf Konstrukte, die eng mit Leistung verknlpft sind, wie akademische Motivation und
Leistungsemotionen (z.B. Eccles et al., 1983; Eccles & Wigfield, 2020; Pekrun, 1988; Pekrun,
2006). Basierend auf der Selbstbestimmungstheorie (Deci & Ryan, 1993, 2000; Deci et al.,

1991) und der Kontroll-Wert-Theorie (Pekrun, 2006) wére es plausibel anzunehmen, dass ein
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Programm durch bestimmte Merkmale, wie Adaptivitat und Feedback, die akademische
Motivation der Schiler:innen steigern und negative Leistungsemotionen verringern konnte.
Dennoch existiert bislang nur sehr begrenztes Wissen dariiber, wie Mathematiklernprogramme,
insbesondere im Hinblick auf das Nutzungsverhalten der Schiller:innen, auf deren akademische
Motivation bzw. deren Leistungsemotionen wirken (vgl. Dondio et al., 2023; Fadda et al., 2022;
Jansen et al., 2013).

Fragestellungen der Dissertation

Im Einklang mit den aufgezeigten Forschungsdesideraten lieferte ein an den Kontext von
Mathematiklernprogrammen angepasstes Angebots-Nutzungs-Modell den heuristischen
Rahmen fir diese Dissertation (Helmke & Weinert, 1997; Seidel, 2014; siehe Abbildung 1).
Das Modell unterstitzt (1) die Annahme, dass es Zusammenhéange zwischen den individuellen
Merkmalen  der  Schiler:innen  und  ihrem  Nutzungsverhalten mit  einem
Mathematiklernprogramm gibt. Hinsichtlich der individuellen Merkmale konzentriert sich
diese Dissertation aufgrund deren Einbettung in das Angebots-Nutzungs-Modell sowie deren
evidenter Relevanz in der Bildungsforschung (Barroso et al., 2021; Chiu et al., 2012; Dong et
al., 2020; Kriegbaum et al., 2018; Poropat, 2009; Tomaszewski et al., 2020) auf das
mathematische  Vorwissen der Schiler:innen, relevante  Personlichkeitsmerkmale
(Gewissenhaftigkeit), die akademische Motivation (Mathematikselbstkonzept) und
Leistungsemotionen (Mathematikangst) sowie den familidren Hintergrund, d.h. einen
Migrationshintergrund bzw. den sozio6konomischen Status (SES).

Aullerdem unterstiitzt das Angebots-Nutzungs-Modell (2) die Annahme, dass das
Nutzungsverhalten der Schuler:innen mit ihrer Mathematikleistung, aber auch ihrer
akademischen Motivation und ihren Leistungsemotionen in Verbindung steht. Neben Effekten
auf die Mathematikleistung sollen in diese Dissertation daher auch Effekte auf das
Mathematikselbstkonzept sowie auf die Mathematikangst der Schiiler:innen berlicksichtigt
werden, da beide Konstrukte substanziell mit zukunftiger Leistungen verbunden sind (Marsh &
Martin, 2011; Ramirez et al., 2018).
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Abbildung 1
Heuristisches Rahmenmodell zur Darstellung der zentralen Variablen: Individuelle Merkmale
der Schiler:innen, deren Nutzungsverhalten mit einem Mathematiklernprogramm und

mogliche Lernergebnisse

ANGEBOT NUTZUNG ERGEBNISSE
Individuelle
Schiiler:innenmerkmale
Programmmerkmale Vorwissen,
z.B. Adaptivitit., Feedback Magz‘;:tjiﬁg)f:ilgcﬁz; ;
. Pt Lernergebnisse der
Mathematikangst, SES, Schiiler-innen
Migrationshintergrund Mathem atil;leistung
i l Mathematik-
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Mathematikangst
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&5 geelgl.le‘r.e . -=-=% Schiiler:innen —
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Belohnungen B 8
Programmbereitstellung T

Anmerkungen. Der Rahmen dieser Dissertation basiert auf einem an den Kontext von
Mathematiklernprogrammen angepassten Angebots-Nutzungs-Modell (Helmke & Weinert,
1997; Seidel, 2014). Gestrichelte Linien stellen theoretische Annahmen dar; durchgangige

Linien beziehen sich auf die in dieser Dissertation untersuchten Zusammenhange.

Zusammenfassend bestand das Hauptziel dieser Dissertation darin, die Rolle des
Nutzungsverhaltens der Schiler:innen hinsichtlich eines Mathematiklernprogramms zu
untersuchen. Um dieses Ziel zu erreichen, wurden in dieser Dissertation zwei Forschungsfragen
postuliert:

Forschungsfrage 1: Gibt es einen Zusammenhang zwischen individuellen
Schiler:innenmerkmalen und dem Nutzungsverhalten der Schuler:innen in einem
Mathematiklernprogramm?

Forschungsfrage 2: Wie hangen die Bereitstellung eines Mathematiklernprogramms und das
Nutzungsverhalten der Schiler:innen mit diesem Programm mit deren Mathematikleistung,

ihrem Mathematikselbstkonzept und ihrer Mathematikangst zusammen?
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Um die beiden theoretischen Annahmen zu Uberprifen, wurden drei empirische Studien
und zwei zuséatzliche Replikationsanalysen durchgefiihrt. Studie 1 und deren Replikation sowie
Teile von Studie 3 tragen zur Beantwortung von Forschungsfrage 1 bei, wéhrend Studie 2 und
deren Replikation sowie Teile von Studie 3 zur Beantwortung von Forschungsfrage 2 dienen.
Alle Untersuchungen basieren auf dem Arithmetiklernprogramm Math Garden (Klinkenberg et
al., 2011; Straatemeier, 2014; Deutsch: Prowise Learn), welches fir diese Dissertation zweimal
in grof3en deutschen Stichproben implementiert wurde, in beiden Féllen als Bestandteil eines
randomisierten Pretest-Posttest-Kontrollgruppendesigns. Die erste Implementation umfasste
eine Ubungsperiode von 22 Wochen im Schuljahr 2019/2020 (Studie 1, Studie 2); in der
zweiten Implementation Ubten die Schiler:innen 45 Wochen lang mit Math Garden im
Schuljahr 2021/2022 (Replikation Studie 1, Replikation Studie 2, Studie 3).

Math Garden selbst zeichnet sich durch seinen adaptiven Algorithmus aus und kann als
intelligentes Drill und Practice Programm verstanden werden (Nattland & Kerres, 2009). Es
integriert Instructional Design Elemente, etwa ein Belohnungssystem, und hat
dementsprechend einen game-based Charakter (Plass et al., 2015; Plass et al., 2020). AulRerdem
bietet Math Garden den groRen Vorteil, dass wahrend des Ubens relevante Prozessdaten erfasst
und gespeichert werden, welche als Indikatoren fiir das Nutzungsverhalten der Schiler:innen
dienen kdnnen. Im konkreten Fall handelt es sich in dieser Dissertation um die Anzahl geubter
Aufgaben.

Studie 1 und zuséatzliche Replikationsanalysen: Individuelle Schiler:innenmerkmale als

Pradiktoren fUr deren Nutzungsverhalten

Hinsichtlich der Beantwortung der ersten Forschungsfrage untersuchte Studie 1, wie
individuelle Schiler:innenmerkmale mit deren Nutzungsverhalten in Math Garden tber einen
Zeitraum von 22 Wochen (Implementationsperiode 1) zusammenhingen. Basierend auf den
Ergebnissen  vorheriger  Forschungen in  verschiedenen Lernkontexten (z. B.
Hausaufgabenverhalten) wurden die Hypothesen aufgestellt, dass Schuler:innen mit mehr
mathematischem Vorwissen, hoherem Mall an Gewissenhaftigkeit, einem hoheren
Mathematikselbstkonzept und einem hoheren SES mehr mit Math Garden ben wiurden,
wéhrend Schiler:innen mit mehr Mathematikangst bzw. Schiler:innen mit einem
Migrationshintergrund weniger mit dem Programm tben wurden (Chiu et al., 2012; Dong et
al., 2020; Dumfart & Neubauer, 2016; LeFevre et al., 1992; Trautwein & Ludtke, 2007). Die
individuellen Merkmale der Schiler:innen wurden in einem Pretest erfasst und ihr
Nutzungsverhalten wurde als die Anzahl der wochentlich gelibten Aufgaben operationalisiert.
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Basierend auf diesen L&ngsschnittdaten wurde eine Mehrebenenanalyse durchgefuhrt, da die
Messzeitpunkte der getibten Aufgaben innerhalb der Schiler:innen (N=203) geclustert waren.
Mit denselben theoretischen Annahmen und methodischen Ansétzen wurde Studie 1 in der
zweiten Implementationsperiode repliziert, um die Robustheit der Ergebnisse zu prifen
(N=890).

Die Ergebnisse aus Studie 1 zeigten, dass das Nutzungsverhalten der Schuler:innen tber
die 22 Wochen abnahm und vor allem in den Ferien besonders niedrig war. Hinsichtlich der
Hauptfragestellung der Studie, die die Unterschiede zwischen den Schiler:innen betraf, stellte
sich heraus, dass besonders mathematikangstliche Schiler:innen im Durchschnitt weniger
Aufgaben mit Math Garden Ubten. Fir mathematisches Vorwissen, Gewissenhaftigkeit,
Mathematikselbstkonzept, SES und einen Migrationshintergrund war der Zusammenhang mit
der Anzahl gelbter Aufgaben statistisch nicht signifikant.

Die Ergebnisse der Replikationsanalysen stimmten weitgehend mit denen aus Studie 1
uberein. Das Nutzungsverhalten der Schuler:innen nahm ebenfalls im Laufe der Zeit ab und es
wurde in Ferienzeiten signifikant weniger getibt. Deskriptiv zeigten sich fir Mathematikangst
und einen Migrationshintergrund negative Zusammenhange mit der Nutzungshaufigkeit. Im
statistischen Modell bestatigte sich dieser Zusammenhang jedoch nur fir den
Migrationshintergrund. Das bedeutet, dass Schiler:innen mit einem Migrationshintergrund im
Durchschnitt weniger mit Math Garden Ubten. Dementsprechend deuten die Ergebnisse von
Studie 1 und der Replikationsanalyse darauf hin, dass besonders mathematikangstliche
Schiler:innen und Schiler:innen mit einem Migrationshintergrund mehr initiale Unterstiitzung
beim Uben benétigen, um ein ahnliches Nutzungsniveau wie ihre Mitschiler:innen mit
geringerer Mathematikangst bzw. ohne Migrationshintergrund zu erreichen. Mdgliche

Erklarungen fir das variierende Befundmuster werden in der Gesamtdiskussion aufgegriffen.

Studie 2 und zusatzliche Replikationsanalysen: Effekte der Programmbereitstellung von

und des Nutzungsverhaltens mit Math Garden auf die Lernergebnisse der Schiler:innen

Um die zweite Forschungsfrage der Dissertation zu beantworten, konzentrierte sich Studie 2
auf die Effekte von Math Garden hinsichtlich der Lernergebnisse der Schiler:innen. Mit einem
randomisierten Pretest-Posttest-Kontrollgruppendesign (N=376) wurden nicht nur die
Auswirkungen der Programmbereitstellung untersucht, sondern auch, wie sich das
Nutzungsverhalten iber den Bereitstellungszeitraum von 22 Wochen (Implementationsperiode
1) innerhalb der Experimentalgruppe auf die Lernergebnisse der Schuler:innen auswirkte.
Dabei sollte bisherige Forschung durch einen differenzierteren Ansatz erweitert werden (Ran
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etal., 2021). In Bezug auf die Lernergebnisse der Schiiler:innen bedeutete dies, dass getrennte
Schlussfolgerungen (ber deren Addition- und Subtraktionsleistung gezogen wurden, im
Gegensatz zu Schlussfolgerungen hinsichtlich eines Gesamtscores. Aullerdem wurden neben
der Leistung auch Effekte auf das Mathematikselbstkonzept und die Mathematikangst
beruicksichtigt. Das Nutzungsverhalten wurde nicht nur Gber die Anzahl gelibter Aufgaben
operationalisiert, sondern auch hinsichtlich der Anzahl der Wochen, tber die die Schiiler:innen
mit Math Garden geiibt haben. Im Einklang mit vorheriger Forschung und theoretischer
Annahmen Uber die vorteilhaften Merkmale von Adaptivitit und Feedback (Dondio et al., 2023;
Fadda et al., 2022; Jansen et al., 2013; Mayer, 2014; Marsh & Martin, 2011; Pekrun, 2006)
wurden die Hypothesen aufgestellt, dass die Bereitstellung von Math Garden ebenso wie die
Anzahl der getibten Aufgaben und die Anzahl der gelibten Wochen, die Additions- und
Subtraktionsleistung der Schiler:innen verbessern wirde, das Mathematikselbstkonzept
steigern und die Mathematikangst verringern wirde. Die Hypothesen wurden mit
Regressionsanalysen statistisch geprift. Wie Studie 1 wurde auch Studie 2 mit Daten aus der
zweiten Implementationsperiode repliziert, um die Robustheit der Ergebnisse unter
Verwendung derselben theoretischen Annahmen und methodischen Ansatze zu prifen.

Die Ergebnisse aus Studie 2 unterstiitzten die angenommenen Hypothesen nur teilweise.
Hinsichtlich der Additions- und Subtraktionsleistung der Schuler:innen gab es in der
Experimentalgruppe im Gegensatz zur Wartekontrollgruppe keine statistisch signifikanten
Effekte bezlglich der Programmbereitstellung. Allerdings war die Anzahl gelbter
Subtraktionsaufgaben ein positiver Préadiktor hinsichtlich der Subtraktionsleistung der
Schiler:innen in der Experimentalgruppe. Der erwartete Zusammenhang zwischen der Anzahl
gelbter Additionsaufgaben und der Additionsleistung zeigte sich jedoch nicht. Weiterhin
konnten keine Zusammenhéange zwischen der Anzahl getibter Wochen und der Additions- bzw.
Subtraktionsleistung festgestellt werden. Fir das Mathematikselbstkonzept zeigte sich ein
signifikanter Effekt der Programmbereitstellung in der Experimentalgruppe im Vergleich zur
Wartekontrollgruppe, wobei sich fiir die Indikatoren des Nutzungsverhaltens (Anzahl getbter
Aufgaben bzw. Wochen) in der Experimentalgruppe allerdings keine Effekte ergaben. In Bezug
auf die Mathematikangst hatten weder die Programmbereitstellung noch das Nutzungsverhalten
einen Effekt.

Die Ergebnisse der Replikationsanalyse stimmten teilweise mit denen aus Studie 2
Uberein. Sie zeigten ebenfalls, dass die von den Schiler:innen gelibte Anzahl an
Subtraktionsaufgaben signifikant mit deren Subtraktionsleistung zusammenhingen. Im

Gegensatz zu Studie 2 wurde jedoch kein Effekt der Bereitstellung von Math Garden auf das
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Mathematikselbstkonzept gefunden. Magliche Erklarungen hinsichtlich des unterschiedlichen
Befundmusters werden in der Gesamtdiskussion aufgegriffen. Fir alle anderen angenommenen
Zusammenhdnge konnten, ebenso wie in Studie 2, keine statistisch signifikanten Effekte
gezeigt werden.

Studie 2 und die zusétzlichen Replikationsanalysen liefern somit Hinweise auf die
Relevanz der Berucksichtigung von tatsdchlichem Nutzungsverhalten, um besser zu verstehen,
wie Schuler:innen von der Implementation von Mathematiklernprogrammen hinsichtlich ihrer
Leistungen profitieren kdnnen. Die unterschiedlichen Effekte hinsichtlich der einzelnen
Arithmetikdomanen konnten ein Indikator dafiir sein, dass Schiler:innen eher vom Uben
schwierigerer Aufgaben (d.h. Subtraktion; Anderson et al., 2020) profitieren. Aullerdem
konnten die Ergebnisse darauf hindeuten, dass Mathematiklernprogramme das Potenzial haben,
das Mathematikselbstkonzept der Schiler:innen zu steigern. Aufgrund des variierenden
Befundmusters bedarf es jedoch weiterer Forschung, um diese Frage abschlieBend zu

beantworten.

Studie 3: Die mediierende Rolle des Nutzungsverhaltens hinsichtlich des

Zusammenhangs zwischen Mathematikangst und Mathematikleistung

Studie 3 kombinierte die Uberlegungen aus Studie 1 und Studie 2 und adressierte somit beide
Forschungsfragen dieser Dissertation. Basierend auf verhaltens- und emotionstheoretischen
Annahmen, dass insbesondere mathematikéngstliche Schuler:innen mathematikbezogene
Aufgaben vermeiden (Eysenck & Calvo, 1992; Eysenck et al., 2007), zielte diese Studie darauf
ab zu untersuchen, ob mathematikangstliche Schiler:innen Math Garden weniger nutzen und
ob dies wiederum die Verbesserung ihrer Mathematikleistung hemmen wirde. Das
Nutzungsverhalten wurde, wie auch in Studie 1 und Studie 2, objektiv mit Prozessdaten in Form
der Anzahl geubter Aufgaben operationalisiert. Dieser Ansatz erweitert bisherige Forschung,
da Vermeidungsverhalten mathematikéangstlicher Schuler:innen bisher nur mit méglicherweise
verzerrten Selbstberichtsfragebdgen erhob wurde (siehe Hasty et al., 2021; Quintero et al.,
2022). Es wurden die Hypothesen aufgestellt, dass mathematikangstliche Schuler:innen
weniger Aufgaben in Math Garden (ben, aber auch, dass mehr getibte Aufgaben mit einer
besseren Leistung einhergehen wirden. Daher kdnnte ein niedrigeres Nutzungsverhalten die
angenommene negative Beziehung zwischen Mathematikangst und Mathematikleistung
erklaren. Die Studie umfasste drei Messzeitpunkte innerhalb der zweiten
Implementationsperiode: zu Beginn, in der Mitte und am Ende eines Schuljahres (T1—T2: 28
Wochen Programmnutzung, T1—T3: 45 Wochen Programmnutzung). Im ersten Messzeitpunkt
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beantworteten die  Schiler:innen  Mathematikangstfragebdgen (Mathematiktestangst,
Mathematikrechenangst, kognitive Sorgenkomponente) und zu allen drei Messzeitpunkten
wurde ein Mathematiktest absolviert, der Rechenoperationen in den vier Grundrechenarten
testete. Es wurden Mediationsanalysen durchgefihrt, um die angenommenen Hypothesen zu
testen.

Die Ergebnisse unterstltzten die Hypothesen jedoch nur teilweise. Das deskriptive
Befundmuster zeigte zwar, dass ein Mathematikangstgesamtscore, ebenso wie die
Subkomponenten Mathematiktestangst und die kognitive Sorgenkomponente, negativ mit der
Anzahl gelibter Aufgaben in Math Garden korreliert war; allerdings ergaben sich auch ein
negativer Zusammenhang hinsichtlich der Kontrollvariable Migrationshintergrund. Im
statistischen Modell zeigte sich jedoch nur der Migrationshintergrund als relevanter negativer
Pradiktor. Dieses Ergebnis deutete darauf hin, dass Schileriinnen mit einem
Migrationshintergrund weniger Ubten. Im Einklang mit der aufgestellten Hypothese
verbesserten sich aber die Mathematikleistungen der Schiler:innen, je mehr Aufgaben sie
ubten. Es stellte sich jedoch heraus, dass die Anzahl getibter Aufgaben in Math Garden die
negative Beziehung zwischen Mathematikangst und Mathematikleistung nicht mediierte.

Zusammenfassend lasst sich somit sagen, dass die Ergebnisse von Studie 3 auf die
Relevanz einer regelméligen Nutzung von Mathematiklernprogrammen hinweisen, denn
konsequentes Uben scheint, wie auch bereits in Studie 2 angedeutet, eine wichtige Rolle fir die
mathematische Leistungsverbesserung zu spielen. Die Rolle der Mathematikangst bleibt zu

diesem Zeitpunkt jedoch unklar und muss weiter untersucht werden.

Gesamtdiskussion

Um die Rolle des Nutzungsverhaltens von Schiler:innen bei der Implementation von
Mathematiklernprogrammen zu untersuchen, wurden in dieser Dissertation zwei Ubergreifende
Forschungsfragen gestellt. Erstens wurden, basierend auf mehreren etablierten psychologischen
Theorien (Attentional Control Theory, Cognitive Load Theory, situatives Erwartungs-Wert-
Modell, Trait Activation Theory; Eccles & Wigfield, 2020; Eysenck et al., 2007; Sweller et al.,
1998; Tett et al., 2013), in Studie 1 und deren Replikation sowie Teilen von Studie 3 untersucht,
wie individuelle Merkmale der Schuleriinnen, d.h. mathematisches Vorwissen,
Gewissenhaftigkeit,  Mathematikselbstkonzept, = Mathematikangst, SES und ein
Migrationshintergrund, mit der Anzahl der in Math Garden gelbten Aufgaben
zusammenhingen. Die Ergebnisse konnen dazu beitragen, bestimmte Risikogruppen von

Schuler:innen zu identifizieren, die moglicherweise weniger (ben und daher mehr

259



Appendix

Unterstutzung bendtigen, um die Mdoglichkeit zu erhalten, von
Mathematiklernprogrammimplementationen profitieren zu kénnen.

Tatsachlich zeigte Studie 1, dass insbesondere mathematikangstliche Schiler:innen im
Durchschnitt weniger Aufgaben in Math Garden Ubten. Die Replikationsanalysen von Studie 1
und die Ergebnisse von Studie 3 ergaben jedoch, dass Mathematikangst zwar negativ mit der
Anzahl der gelibten Aufgaben in Math Garden zusammenhing, insbesondere Schiiler:innen mit
einem Migrationshintergrund im Durchschnitt aber weniger tbten. Eine mdgliche Erklarung
fir dieses Befundmuster konnte das Zusammenspiel von zwei Faktoren sein, namlich
Stichprobenmerkmalen bezogen auf die Auspragung von Mathematikangst und die Art der
Erfassung des Migrationshintergrunds der Schuler:innen. Hinsichtlich des ersten
Erklarungsfaktors berichteten die Schiler:innen in der zweiten Implementationsperiode
insgesamt ein geringeres Level an Mathematikangst. Dieses niedrigere Mathematikangstniveau
konnte dementsprechend mit weniger negativen Gefiihlen beim Uben verbunden gewesen sein,
was wiederum zu weniger Vermeidungsverhalten gefiihrt haben konnte (Pekrun, 2006). Im
Hinblick auf den zweiten Erklarungsfaktor unterschied sich die Erfassung des
Migrationshintergrunds zwischen den Implementationsperioden. Aufgrund des breiteren
Antwortformats® in der zweiten Implementationsperiode konnte eine substanziell
aussagekraftigere Varianz geschaffen worden sein, die wiederum eher Unterschiede im
Hinblick auf das Nutzungsverhalten der Schiiler:innen hat erklaren kdnnen. Zusammenfassend
scheint es, dass bei einem geringeren Mathematikangstlevel der Migrationshintergrund der
Schiler:innen mdglicherweise eine relevantere Rolle hinsichtlich des Nutzungsverhaltens
spielt.

In Bezug auf mathematisches Vorwissen, Gewissenhaftigkeit, Mathematikselbstkonzept
und SES war der Zusammenhang mit dem Nutzungsverhalten in Studie 1 und der Replikation
nicht signifikant. Dieses robuste Muster von Ergebnissen in zwei unterschiedlichen Stichproben
konnte darauf hindeuten, dass es moglicherweise keine Zusammenhdnge zwischen den
untersuchten individuellen Schiler:innenmerkmalen und dem Uben mit Math Garden gab.
Dieses Ergebnis ware durchaus als positiv zu bewerten, da es bedeutet, dass Schiler:innen mit
diesen Merkmalen (d.h. geringeres Mathematikvorwissen, geringere Auspragung an
Gewissenhaftigkeit, geringeres Mathematikselbstkonzept und geringerer SES) das Uben mit

Math Garden zumindest nicht vermieden haben und die Implementation des Programms sie

Implementationsperiode 1: ,,Werden bei dir Zuhause noch andere Sprachen auBer Deutsch gesprochen® mit
dichotomem Antwortformat; Implementationsperiode 2: ,,Wie oft sprichst du Zuhause Deutsch?* mit vierstufiger
Likert-Skala als Antwortformat
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dementsprechend nicht hinsichtlich ihres Nutzungsverhaltens zu benachteiligen schien. Um die
Ergebnisse allerdings zu generalisieren, sind weitere Untersuchungen erforderlich, die
verschiedene Stichprobenmerkmale (z.B. Altersgruppe oder Schultyp) und andere
Mathematiklernprogramme berticksichtigen, da bestimmte Programmmerkmale von Math
Garden, wie Adaptivitat und Feedback, die fehlenden Effekte erklaren kénnten.

Die zweite Forschungsfrage in dieser Dissertation, die sich auf die Cognitive Theory of
Multimedia Learning, die Selbstbestimmungstheorie und die Kontroll-Wert-Theorie stitzte
(Deci et al., 1991; Mayer, 2014; Pekrun, 2006), untersuchte die Effekte von Math Garden auf
die Lernergebnisse der Schiler:innen. Dabei wurden die (Additions- und Subtraktions-)
Leistung, das Mathematikselbstkonzept und die Mathematikangst der Schiler:innen
berticksichtigt. Neben der Untersuchung der Effekte der reinen Programmbereitstellung (Studie
2 und Replikationsanalysen) wurde auch das Nutzungsverhalten der Schiler:innen
berucksichtigt (Studie 2 und Replikationsanalyse: Anzahl gelibter Aufgaben und Anzahl der
Wochen, in denen mit Math Garden getibt wurde hinsichtlich aller Lernergebnisse; Studie 3:
Anzahl gelibter Aufgaben hinsichtlich der Mathematikleistung). Entgegen den Erwartungen
zeigten sich in Studie 2 keine statistisch signifikanten Effekte der Programmbereitstellung auf
die Addition- oder Subtraktionsleistung der Schuler:innen in der Experimentalgruppe im
Vergleich zur Wartekontrollgruppe. Allerdings verbesserte sich wie angenommen die
Subtraktionsleistung umso mehr, je mehr die Schiler:innen in der Experimentalgruppe
Subtraktionsaufgaben ubten. Dieses Ergebnis konnte in den zusétzlichen Analysen zu Studie 2
repliziert werden. Ergebnisse aus Studie 3 unterstiitzen diesen angenommenen Zusammenhang
ebenfalls, d. h. die Anzahl der bearbeiteten Aufgaben stand in positivem Zusammenhang mit
der Leistung der Schiiler:innen, die anhand eines Gesamtscores der Grundrechenarten Addition,
Subtraktion, Multiplikation und Division operationalisiert wurde.

Die Zusammenhange zwischen dem Nutzungsverhalten der Schiler:innen und deren
Leistungsverbesserung deuteten wie erwartet weitestgehend darauf hin, dass Schiler:innen ein
Mathematiklernprogramm aktiv nutzen massen, um davon profitieren zu kénnen. Allerdings
fiel insgesamt die groRRe Varianz im Nutzungsverhalten der Schiler:innen und die eher geringe
durchschnittliche Anzahl gelbter Aufgaben in allen drei Untersuchungen auf (d. h. Studie 2,
Replikation von Studie 2, Studie 3). Diese deskriptiven Beobachtungen kénnten darauf
hindeuten, dass die Schiler:innen der Experimentalgruppe im Durchschnitt zu wenig mit Math
Garden geubt haben, weshalb in Studie 2 und deren Replikation keine Effekte beztglich der
Programmbereitstellung auftraten. Diese Vermutung bedarf jedoch weiterer Uberpriifung. Der

domanenspezifische Effekt der Anzahl gelibter Subtraktionsaufgaben kénnte weiterhin darauf
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hindeuten, dass Math Garden eher dafiir geeignet ist schwierige Arithmetikdoménen zu férdern
(Anderson et al., 2022). Fehlende Effekte der Anzahl gelibter Wochen mit Math Garden
kénnten darauf zuruckzufiihren sein, dass alle Schiler:innen insgesamt nur wenige Wochen mit
dem Programm (bten. Dies kénnte moglicherweise zu einer unzureichenden Erzeugung von
aussagekraftiger Varianz gefihrt haben.

Fir das Mathematikselbstkonzept der Schiler:innen ergab sich in Studie 2 tatsachlich ein
positiver Effekt der Programmbereitstellung in der Experimentalgruppe im Vergleich zur
Wartekontrollgruppe. Allerdings zeigte sich fur Schiler:innen der Experimentalgruppe kein
erwarteter Zusammenhang zwischen der Nutzungshaufigkeit und dem
Mathematikselbstkonzept. Entgegen der theoretischen Annahmen kdnnte dies bedeuten, dass
der Effekt der Programmbereitstellung unabhangig von der Menge an positivem Feedback zu
sein schien, welches die Schiiler:innen wahrend des Ubens erhielten (Marsh & Martin, 2011).
Diese Annahme mdisste eingehender gepruft werden. Der positive Effekt der Bereitstellung von
Math Garden auf das Mathematikselbstkonzept der Schiler:innen konnte jedoch in der
zusétzlichen Analyse nicht repliziert werden. Ein Grund fur dieses kontrére Ergebnis kdnnte
der Einsatz einer anderen Skala im Gegensatz zu Studie 2 gewesen sein. Somit scheint der
Effekt nicht stabil Uber verschiedene Operationalisierungen hinweg zu sein. Ferner kénnten
Stichprobenmerkmale ebenfalls das nicht signifikante Ergebnis erkléren, da die Schuler:innen
in der Replikationsanalyse im Pretest im  Durchschnitt  deskriptiv  hohere
Mathematikselbstkonzeptwerte aufwiesen als die Schiler:innen in Studie 2. Die Mechanismen
von Adaptivitat und Feedback, die als theoretische Mechanismen flir einen erwarteten positiven
Effekt postuliert wurden, konnten daher weniger relevant gewesen sein, da die Schiiler:innen
im Durchschnitt bereits ein positiveres Bild ihrer mathematischen Fahigkeiten hatten.

Hinsichtlich  der Mathematikangst der Schiler:innen hatten  weder die
Programmbereitstellung noch das Nutzungsverhalten einen Effekt (Studie 2 und Replikation).
Ein Grund fur die fehlenden Effekte ware moglicherweise, dass mathematikéngstliche
Schler:innen insgesamt zu wenig mit Math Garden ubten, um die durch den adaptiven
Algorithmus erhéhte Kontrolle ber das erfolgreiche Ldsen einer Aufgabe wahrzunehmen
(Pekrun, 2006). Weiterhin wird betont, dass Mathematikangst oft schon in jungen Jahren
beginnt und sich im Laufe der Zeit tief in den Schiler:innen verankert (Ashcraft & Krause,
2007; Bekdemir, 2010; Ramirez et al., 2013). Selbst wenn die Erfahrungen der Schiler:innen
mit Math Garden aufgrund des adaptiven Algorithmus und des Feedbacks positiv waren,
tberwog dies moglicherweise nicht Uber bereits erlebte negative Erfahrungen aus der

Vergangenheit (Jansen et al. 2013). Aullerdem bezogen sich die Fragen zu Mathematikangst
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explizit auf die Komponente Mathematiktestangst. Math Garden kdnnte aber weniger als Test,
sondern mehr als Ubungstool wahrgenommen worden sein, weshalb anzunehmen wére, dass
das Programm effektiver auf die Reduktion anderer Mathematikangstkomponenten, wie etwa
Rechenangst, wirken kdnnte (Lukowski et al., 2019)

Bei der Interpretation aller Ergebnisse mussen Limitationen der vorliegenden Arbeit
berucksichtigt werden. So ist nicht klar, in welchem Kontext die Schuler:innen tberwiegend
mit Math Garden Ubten, d. h. in der Schule oder zu Hause. Bestimmte kontextbezogene
Faktoren konnten jedoch die Art und Weise, wie Schiiler:innen mit dem Programm (bten,
beeinflusst haben. So kdnnten bei der Nutzung in der Schule lehrkraftebezogene Faktoren eine
Rolle gespielt haben, wahrend bei der Nutzung zu Hause elternbezogene Faktoren
moglicherweise relevant waren (Wong & Liem, 2022). Weiterhin muss darauf hingewiesen
werden, dass die zugrundeliegenden Stichproben der Untersuchungen ausschlieBlich
Schiler:innen aus Gemeinschaftsschulen, d. h. Schiler:innen mit einem durchschnittlich
niedrigeren Leistungsniveau, umfasste. Die Ergebnisse sind folglich nicht auf alle
Leistungsniveaus Ubertragbar. Hinsichtlich des Programms Math Garden ist anzumerken, dass
es hauptsachlich Aufgaben zu arithmetischen Operationen enthalt, die im Allgemeinen weniger
komplex sind. Daruiber hinaus arbeitet das Programm adaptiv und bietet korrektives Feedback.
Daher konnten die erzielten Effekte in erster Linie auf diese spezifischen
Programmcharakteristika und -merkmale zuriickzuftihren sein und deren Ubertragbarkeit auf
andere Programme mudisste gepruft werden.

Trotz der genannten Limitationen kdnnen die Ergebnisse zu praktischen Implikationen
hinsichtlich der Implementation von Mathematiklernprogrammen beitragen. Einerseits zeigen
die Ergebnisse, dass Schuler:innen mit bestimmten Merkmalen, wie mathematikangstliche
Schiler:innen sowie Schiler:innen mit einem Migrationshintergrund, nach der Bereitstellung
eines Mathematiklernprogramms mehr zusatzliche Unterstiitzung benétigen. Ohne eine solche
Unterstutzung tben diese Schiler:innen méglicherweise weniger und waren somit hinsichtlich
des potenziellen Programmnutzens benachteiligt. Im Hinblick auf die Unterstltzung von
mathematikéngstlichen Schuler:innen konnte darauf fokussiert werden, die wahrgenommene
Kontrolle dieser Schiler:innen zu erhoéhen (Pekrun, 2006), ewa durch eine manuelle
Herabsetzung der Itemschwierigkeit. Bezlglich des Migrationshintergrunds konnte beim
Abbau einer moglicherweise vorhandenen Sprachbarriere, ebenso wie bei der Bereitstellung
eines geeigneten digitalen Endgeréts angesetzt werden (Portes & Rumbaut, 2001; Van de
Werfhorst et al., 2022). Dies scheint vor allem essenziell, um soziale Disparitaten nicht weiter

zu verstarken. Andererseits deuten die Ergebnisse darauf hin, dass es mdoglicherweise nicht
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ausreicht, den Schuler:innen lediglich ein Mathematiklernprogramm zur Verfligung zu stellen,
damit sie hinsichtlich ihrer Leistung davon profitieren konnen. Die Aufgabe der Lehrkraft ware
es daher, die Schuler:innen dabei zu unterstutzen, kontinuierlich und systematisch mit dem
bereitgestellten Mathematiklernprogramm zu tben (Spitzer & Musslick, 2021).

Zukunftige Forschung kénnte darauf abzielen, tiefergehende Erkenntnisse in die Prozesse
von (Mathematik-) Lernprogrammen zu gewinnen und die zugrunde liegenden
Programmmechanismen weiter zu erforschen. In diesem Kontext konnte mittels eines
Experience-Sampling-Designs untersucht werden, inwieweit Schiler:innen die Adaptivitat,
d.h. die Aufgabenschwierigkeit, wahrnehmen und wie sich dies auf ihre Leistung, Motivation
und Emotionen wahrend des Ubens auswirkt. Darlber hinaus wére anzunehmen, dass die
Lehrkraft eine entscheidende Rolle bei der erfolgreichen Implementation von (Mathematik-)
Lernprogrammen spielt. Methodische Ansatze aus dem Bereich des Learning Analytics (vgl.
Khalil & Ebner, 2017; Kizilcec et al., 2017) kénnten genutzt werden, um Prozessdaten weiter
zu analysieren und Aussagen zur Implementationsqualitat von (Mathematik-) Lernprogrammen

auf Klassenebene zu treffen.
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