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Summary

Summary

Formative feedback is considered an important and beneficial instructional strategy for
fostering students’ learning (Hattie & Timperley, 2007; Shute, 2008; Wisniewski et al.,
2020). Since providing individualized, immediate feedback is time-consuming and difficult
to realize, especially in heterogeneous classes or individual learning settings (Lipnevich &
Panadero, 2021; Shute, 2008), educational technologies have been discussed as a useful
supplement to provide computer-based feedback (Narciss, 2013). However, there are
contradictory findings regarding the effectiveness of computer-based feedback (e.g.,
Mertens et al., 2022). Previous research suggests that the moderating impacts of various
factors on the effect of computer-based feedback can explain these inconsistent findings
(e.g., Kluger & DeNisi, 1996; Kuklick & Lindner, 2023; Mertens et al., 2022; Narciss, 2008;
Panadero & Lipnevich, 2022; Patchan et al., 2016; Strobl et al., 2019). Initial evidence
suggests that various feedback-related (e.g., Lachner et al., 2017a; Mertens et al., 2022),
learner-related (e.g., Kuklick & Lindner, 2023; Narciss, 2008, 2013), and context-related
(e.g., Fyfe & Rittle-Johnson, 2016; Shirah & Sidney, 2023) factors might affect the
effectiveness of computer-based feedback.

These influencing factors, however, have not be systematically investigated. Since
previous research focused only on investigating individual feedback-related, learner-related,
or context-related potential influencing factors, it was still unclear which factors
significantly determine the effectiveness of computer-based feedback on learning.
Answering this question requires, on the one hand, theoretical conceptualization and, on the
other hand, empirical investigation of the factors of the feedback message itself, of learners,
and of the orchestrating context. These factors, which are embedded in the learning process,
were investigated, both separately and in relation to each other (Narciss & Huth, 2004; Shute,
2008; Strobl et al., 2019). In order to fulfill these requirements, this dissertation adopted a

multidimensional perspective. First, important feedback-related (i.e., specificity of feedback,
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representation of feedback, level of elaboration, level of complexity), learner-related (i.e.,
prior knowledge, cognitive, metacognitive, and affective-motivational processes), and
context-related (i.e., orchestration with prior instruction, sequence) potential influencing
factors were identified based on the previous literature and the research findings. Second, a
theoretical model was developed that encompasses the learning process using computer-
based feedback and that was bordered by these potential influencing factors. Third, these
factors were empirically investigated in different subject domains (i.e., writing and physics)
and using different methodological approaches (theoretical conception, literature overview,
meta-analysis, experimental studies).

In total, this dissertation comprises three articles for publication in international journals.
The first is a theoretical paper in which the potential of computer-based feedback tools to
enhance learners’ expository writing quality was explored and potential feedback-related
influencing factors have been identified. The second article is an empirical paper
encompassing a pre-registered meta-analysis to examine the overall effectiveness of
computer-based feedback tools in supporting students in improving their expository writing.
Furthermore, the impact of the potential feedback-related factors identified in Paper 1 was
examined as well as the potential impact of prior knowledge as a learner-related influencing
factor. The third article focused on empirically investigating the impact of further potential
learner-related and feedback-related influencing factors as well as on context-related factors
related to students’ learning in the domain of physics. Therefore, three pre-registered
experiments were conducted that included manipulation of the orchestration of computer-
based feedback with strategy instruction. Experiment 1 examined corrective feedback;
Experiments 2 and 3 focused on elaborated feedback. In addition, Experiment 3 investigated
the potential effect of the sequence in which computer-based feedback and strategy
instruction were provided. In summary, through this multidimensional perspective

investigating the effectiveness of computer-based feedback and how it is affected by
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feedback-, learner-, and context-related factors, it was possible to adapt the new theoretical
model adequately and provide theoretical implications and suggestions for future research
accordingly. In addition, based on new evidence, this dissertation was able to provide
recommendations for practice regarding what to consider when implementing and

orchestrating computer-based feedback to foster learning effectively.
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Zusammenfassung

Zusammenfassung

Formatives Feedback wird als eine wichtige und forderliche instruktionale Strategie
angesehen, um Lernen zu fordern (Hattie & Timperley, 2007; Shute, 2008; Wisniewski et
al., 2020). Da individualisiertes, unmittelbares Feedback bereitzustellen zeitaufwéndig und
vor allem in heterogenen Klassen oder individuellen Lernsituationen schwierig umzusetzen
ist (Lipnevich & Panadero, 2021; Shute, 2008), werden Bildungstechnologien als hilfreiche
Erginzung diskutiert, um computerbasiertes Feedback bereitzustellen (Narciss, 2013).
Allerdings gibt es widerspriichliche Befunde hinsichtlich der Effektivitidt computerbasierten
Feedbacks (sieche z. B. Mertens et al., 2022). Bisherige Forschung legt nahe, dass der
moderierende Einfluss verschiedener Faktoren auf den Effekt von computerbasiertem
Feedback diese inkonsistenten Befunde erklidren konnte (z. B. Kluger & DeNisi, 1996;
Kuklick & Lindner, 2023; Mertens et al., 2022; Narciss, 2008; Panadero & Lipnevich, 2022;
Patchan et al., 2016; Strobl et al., 2019). Es gibt erste evidente Hinweise, die andeuten, dass
sowohl verschiedene feedbackbezogene (z. B. Lachner et al., 2017a; Mertens et al., 2022),
lernerbezogene (z. B. Kuklick & Lindner, 2023; Narciss, 2008, 2013) als auch
kontextbezogene (z. B. Fyfe & Rittle-Johnson, 2016; Shirah & Sidney, 2023) Faktoren die
Effektivitdt von computerbasiertem Feedback bedingen kdnnten.

Diese Einflussfaktoren wurden jedoch bisher nicht systematisch erforscht. Bisherige
Forschung fokussierte sich meist auf einzelne potentielle feedback-, lerner- oder
kontextbezogene Einflussfaktoren. Deshalb ist nach wie vor unklar, welche genau die
Faktoren sind, die die Effektivitit von computerbasiertem Feedback zur Forderung des
Lernens entscheidend determinieren. Die Beantwortung dieser Frage erforderte zum einen
eine theoretische Konzeptualisierung und zum anderen eine empirische Untersuchung von
Faktoren der Feedbacknachricht selbst, von Lernenden und des orchestrierenden Kontexts.
Dabei wurden die Faktoren, eingebettet in den Lernprozess, sowohl separat als auch deren

Beziehung zueinander betrachtet (Narciss & Huth, 2004; Shute, 2008; Strobl et al., 2019).
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Zusammenfassung

Um diese Anforderungen zu erfiillen, wurde in dieser Dissertation eine multidimensionale
Perspektive eingenommen. Zunidchst wurden basierend auf bisheriger Literatur und
bisherigen Forschungserkenntnissen wichtige potentielle feedbackbezogene (Spezifitit,
Darstellung, Elaborationslevel und Komplexitétslevel), lernerbezogene (Vorwissen,
kognitive, meta-kognitive und affektiv-motivationale Prozesse) und kontextbezogene
(Orchestrierung und Reihenfolge) Einflussfaktoren identifiziert. Des Weiteren wurde ein
theoretisches Modell entwickelt, das den Lernprozess mittels computergestiitzten Feedbacks
umfasst und von den herausgearbeiteten potentiellen Einflussfaktoren begrenzt wird. In
einem dritten Schritt wurden diese Faktoren in den Fachdoménen Schreiben und Physik
anhand  unterschiedlicher = methodischer  Ansédtze  (theoretische = Konzeption,
Literaturiiberblick, Metaanalyse, experimentelle Studien) untersucht.

Insgesamt beinhaltet diese Dissertation drei Artikel zur Verdffentlichung in
internationalen Fachzeitschriften. Der erste Artikel ist ein theoretischer Artikel, in dem das
Potenzial computerbasierter Feedbacktools zur Férderung des erkldarenden Schreibens und
mogliche feedbackbezogene Einflussfaktoren herausgearbeitet wurden. Der zweite Artikel
ist eine préregistrierte Metaanalyse anhand derer die grundsitzliche Effektivitit von
computerbasiertem Feedback zur Verbesserung von Schreibkompetenzen statistisch
untersucht wurde. Zusdtzlich wurde im Rahmen dieser Metaanalyse der Einfluss der in
Artikel 1 identifizierten moglichen feedbackbezogenen Einflussfaktoren und der potentielle
Einfluss des Vorwissens als lernerbezogener Faktor auf die Effektivitit von
computerbasiertem Feedback zur Schreibforderung empirisch erforscht. Der dritte Artikel
fokussierte die empirische Untersuchung des Einflusses weiterer moglicher lerner- und
kontextbezogener Faktoren sowie eines weiteren feedbackbezogenen Faktors in der
Fachdomine Physik. Hierfiir wurden drei priregistrierte Experimente durchgefiihrt, in denen
die Orchestrierung von computerbasiertem Feedback mit Strategieinstruktion manipuliert

wurde. In Experiment 1 wurde dabei korrektives und in den Experimenten 2 und 3
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Zusammenfassung

elaboriertes Feedback implementiert. In Experiment 3 wurde zusétzlich noch ein potenzieller
Reihenfolgeeffekt getestet (bezogen auf die Reihenfolge, in der computerbasiertes Feedback
und Strategieinstruktion den Lernenden im Lernprozess bereitgestellt werden).
Zusammenfassend ermdglichte die multiperspektivische Erforschung der Effektivitit
computerbasierten Feedbacks und wie sich diese durch feedback-, lerner-, und
kontextbezogene Faktoren verdndert, das neue theoretische Modell entsprechend adidquat
anzupassen und sowohl theoretische Implikationen als auch Anregungen fiir zukiinftige
Forschung abzuleiten. Des Weiteren konnten basierend auf neuer Evidenz Empfehlungen
fiir die Praxis gegeben werden, was beim Einsatz und der Orchestrierung von

computerbasiertem Feedback zu beachten ist, um Lernen effektiv zu fordern.
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GENERAL INTRODUCTION AND THEORETICAL BACKGROUND

1 GENERAL INTRODUCTION AND THEORETICAL
BACKGROUND

When learners have problems facing the complex process of learning, they might use, for
instance, only superficial learning strategies, resulting in no deeper understanding and
missed opportunities to connect new information with already existing knowledge structures
(see OECD, 2023). Therefore, support is needed to assist learners in their learning processes
and in developing and applying learning strategies. Feedback is considered a beneficial
instructional strategy for supporting learners during their learning processes (Hattie &
Timperley, 2007; Shute, 2008; Wisniewski et al., 2020). However, it is laborious and time-
consuming to provide individualized feedback, particularly in heterogeneous classrooms or
individual learning settings (Lipnevich & Panadero, 2021; Shute, 2008). Computer-based
feedback technologies have been explored as a useful addition to instructor feedback, as
educational technologies are seen as a helpful supplement in provision of immediate and
individualized feedback (Narciss, 2013). However, there is still a lack of evidence on the
effectiveness of computer-based feedback (Mertens et al., 2022). Previous research has
produced heterogeneous findings regarding both the implementation and orchestration (e.g.,
with prior instruction) of such feedback (Fleckenstein, Liebenow, & Meyer, 2023; Fyfe &
Rittle-Johnson, 2016; Graham et al., 2015; Salden et al., 2010; Strobl et al., 2019).
Furthermore, it is unclear whether specific conditions limit the effectiveness of computer-
based feedback (Fleckenstein, Reble et al., 2023; Lipnevich & Panadero, 2021; Narciss,
2008; Strobl et al., 2019).

In this dissertation, the aim was to investigate the following overarching question: What
are the factors that significantly influence the effect of computer-based feedback on
learning?

Addressing this question, considering the context, and underlying processes, will help

scholars and practitioners understand how computer-based feedback should be provided so
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that it has a positive, supportive effect on learning. To achieve this aim and answer the
research question, this dissertation contains three articles (two already published in
international journals; one under major revision). The first is a theoretical paper that presents
an overview of the literature and the existing computer-based feedback writing tools as well
as elaborates upon factors that might affect the influence of computer-based feedback on
learning. The second article is a pre-registered meta-analysis that examines the effect of
computer-based feedback on fostering students’ expository writing and empirically
investigates the theoretically driven influencing factors from Article 1. The third article
presents three pre-registered empirical experiments on the use of computer-based feedback
to foster students’ problem solving in the domain of physics and investigates the combination
of strategy instruction and computer-based feedback.

The innovative added value of this dissertation is that, in contrast to earlier studies where
different types of feedback were often investigated together (peer feedback, instructor
feedback, computer-based feedback), this dissertation focused only on formative and
computer-based feedback in order to investigate the effectiveness of the latter. To
accomplish this, I used distinct perspectives and methods. For instance, this dissertation
included different subject domains (writing and physics) and two ways of generating
computer-based feedback (system-generated and instructor-generated/computer-mediated).
Furthermore, the factors that can affect the effect of computer-based feedback were
investigated in different ways. The key value of this dissertation is its holistic focus, which
considers feedback-related, learner-related, and context-related factors and embeds them in
one overarching model, named the CAFCALI (Computer-Assisted Feedback-, Context-, and
Learner-related Impact on Learning) model. Beyond looking at feedback-related factors
(e.g., representation, elaboration, specificity, complexity of content) in different subject
domains, I investigated a wide range of underlying mechanisms by including (previously

under-researched) learner-related factors (i.e., prior knowledge, and affective-motivational,
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cognitive, and metacognitive processes). In addition, I investigated context-related factors
(i.e., orchestration with prior instruction, sequence). This describes a second key value of
this dissertation, as I contribute to the limited but necessary research on the combination of
computer-based feedback and instruction and provide first insights into the orchestration of
different types of computer-based feedback by combining them with strategy instruction.
The following chapters describe the theoretical backgrounds of the constructs needed to
understand and investigate the research question of this dissertation. The independent
variable in all of the studies conducted in the framework of this dissertation is learning
outcome. This is why Chapter 1.1 briefly outlines the concept of knowledge (gain) and
learning in general and explains why students may need support with that process. Chapter
1.2 contains a definition of feedback and a theoretical conceptualization of the feedback
process. Based on this, Chapter 1.3 presents the specialty of computer-based feedback.
Chapter 1.4 focuses on the CAFCALI model. Chapter 1.5 outlines, based on previous
research (gaps), the goal and overarching research question of this dissertation. Chapter 1.6
provides an overview of the studies conducted as part of this dissertation, which follow in
Chapters 2 to 4. Last but not least, Chapter 5 provides a summary and discussion of the study
results and answers the overarching research question (Chapter 5.1), lists the theoretical
implications based on the revised CAFCALI model (Chapter 5.2), and provides suggestions
for future research (Chapter 5.3), as well as implications for practice (Chapter 5.4). Finally,

the dissertation ends with a conclusion in Chapter 5.5.

1.1 Learning

Learning is a multifaceted and very broad term that is defined differently in different
disciplines. In doing so, each discipline has a different area of reference in mind (e.g.,
psychological, physiological, sociological, educational). In general, learning can be modeled

as a specific type of change in cognitive systems, including in those of human individuals.
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Accordingly, learning can explain why a certain change has occurred (Schmidt, 2003). For
instance, one might notice that someone’s performance has changed (e.g., from pretest to
posttest) and attributes this to the fact that the person now knows or can do more than before,
which means the person must have learned something. This example shows that learning
describes a process, i.e., the phase from before learning (the starting point) to after learning
(the learning outcome or new starting point for further learning). This process can be viewed
from different perspectives (Schmidt, 2003). Regarding a dimension of time, a learning
process can be short-term (e.g., one teaching lesson, an immediate posttest) or long-term
(e.g., one school year, a delayed posttest). Regarding a social dimension, learning can take
place individually or organizationally. Regarding a factual dimension, learning can take
place at the process level, can change the level of awareness, or can relate to interaction or
to self- or external reference. Distinctions must also be drawn between the learning process
itself, the action perspective (learning goals), and the observation of learning (learning
results), i.e., who decides whether a learning process has taken place or not, oneself (self-
reference) or an external observer (external reference). How to measure whether a learning
process has taken place depends upon which disciplinary perspective is taken or which

paradigm of educational theory is used and how, for example, knowledge is modeled therein.

1.1.1 Types of Knowledge

From a cognitive psychological perspective, conceptual knowledge (i.e., “knowing that”
and “knowing how”) can be distinguished from skills (i.e., what a person can actually do).
Regarding conceptual knowledge, de Jong and Ferguson-Hessler (1996) drew a distinction

2

between declarative knowledge (“I know that ...”; also called lower-order or factual
knowledge) and procedural knowledge (“I know how”; also called higher-order or inference
knowledge; see also Anderson & Schunn, 2000; Baartman & de Bruijn, 2011; Jacob, 2022;

Renkl, 2009; Wharton & Kintsch, 1991). Declarative knowledge describes superficial
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factual knowledge that a learner could just memorize and reproduce without necessarily
understanding the meaning (Anderson & Schunn, 2000; Baartman & de Bruijn, 2011; Grisel
et al., 1997; Gruber et al., 2000). Procedural knowledge requires that a learner interpret the
information correctly and connect it with prior knowledge (pieces of declarative knowledge),
which allows the learner to transfer the information to another situation or related content
(Baartman & de Bruijn, 2011; de Jong & Ferguson-Hessler, 1996). The amount of transfer
can be described using the terms near transfer and far transfer knowledge. For example, with
near transfer knowledge, learners are able to transfer the learned information to a very similar
situation, such as a task with different values but in the same domain. Far transfer knowledge
enables learners to use the learned information to solve a problem in, for example, another
domain. It requires thinking further and interpreting the information correctly (Jacob, 2022;
Renkl, 2009; Weinstein & Mayer, 1986).

Declarative and procedural knowledge can be further differentiated into domain-specific,
cross-disciplinary, and metacognitive knowledge (van Berkum & de Jong, 1991). An
example of domain-specific declarative knowledge, knowledge in a specific subject or on a
subject matter, is knowing the formula needed to calculate the current in an electric circuit,
while domain-specific procedural knowledge would involve applying the strategy and
calculating the current (e.g., using the formula). Cross-disciplinary declarative knowledge
would include, for instance, knowledge about general argumentative structures; cross-
disciplinary procedural knowledge would be to argue. Metacognitive knowledge is also a
rather cross-disciplinary construct comprising knowledge about the task, the context, and the
knowledge (acquisition) itself on a meta-level (Krathwohl, 2002). Examples of declarative
metacognitive knowledge include knowledge about the utility and use of learning strategies
or knowledge about a specific type of task. Procedural metacognitive knowledge means, for
instance, planning how to apply a learning strategy, the regulation of cognitive processes, or

the monitoring of one’s own understanding (Renkl, 2009).
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Within the context of learning, the term competence is also widely used. Many
researchers define competences as holistic conceptions comprising integrated pieces of
different facets of knowledge, skills, and attitudes, that enable persons to solve tasks
(Baartman & de Bruijn, 2011; Renkl, 2009). For example, writing competence or writing
literacy describes the ability to understand the function of writing in the lifeworld, to
communicate clearly (via text), and to use writing as a tool in one’s daily life and work.
Baartman and de Bruijn (2011), however, postulated that the competence itself, in the sense
of integrated knowledge and skills, is the actual learning product and that the integration of
the various pieces of knowledge and application of those pieces of knowledge and skills
constitutes the learning process, because learning is the processing of information. In other
words, one does not simply receive information and then “know” it. Instead, information

meaningful only when it is interpreted on the basis of prior knowledge (Renkl, 2008).

1.1.2 Acquisition, Construction, and Integration of Knowledge

Schmidt (2003) distinguishes between the acquisition of knowledge, reflection on one’s
own knowledge (applying metacognitive knowledge) and the application of knowledge
(performance), and the observation of these steps from an external perspective (measuring
knowledge acquisition and application and identifying it as learning). From a cognitive
psychological perspective, this highly complex operation of knowledge acquisition and
processing (Renkl, 2009) takes place in different memories (Atkinson & Shiffrin, 1968).
First, in the sensory memory, new information is collected; second, some of this information
is coordinated and processed in the working memory (Baddeley, 1992). As the capacity of
the working memory is limited, any information that is considered less important gets
forgotten, and the information that is considered important is transferred in a third step to

the long-term memory. In the long-term memory, new information is connected with prior
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knowledge and is integrated in a structured knowledge scheme (Jacob, 2022; Mayer, 1996;
Wittrock, 1974).

Knowledge schemes represent connections between problem solving procedural
knowledge, domain-specific information, and knowledge about a concrete situation
(Kintsch, 1988). Hereby, Wharton, and Kintsch (1991) distinguish between knowledge
construction and knowledge integration. Knowledge construction describes the process
when through which single words of newly provided information are classified in linguistic
sense units (cf. linguistic representation), which in turn are connected to each other within a
sentence, creating a network of statements (cf. propositional network). This can then be
interpreted and elaborated upon with prior knowledge (cf. elaborated propositional network).
Next, the knowledge should be integrated to refine this elaborated network by structuring
and classing it with other content or demarcating it from different content. This means that
when a person is involved in a similar problem situation in the future and wants to transfer
the knowledge, the existing knowledge schemes can be activated and populated with the
updated concrete details. In this way, learners can develop problem solving strategies that
are applicable in related contexts (Renkl, 2009; VanLehn, 2008). Learning strategies can
help learners with knowledge construction and integration as they specifically trigger these
cognitive processes. For example, generative learning helps learners comprehend an
explanation (e.g., an instruction at the beginning of a teaching unit) and interpret it, as
learners must generate active connections between the contents to be learned and their prior
knowledge, which leads to understanding (Renkl, 2009; Wittrock, 1990).

Besides the cognitive processes that take place in the memory and the applications of
metacognitive knowledge to regulate these cognitive processes and monitor understanding
of the learning content, there are also motivational conditions that influence learning.
Learning motivation describes the wish or intention to acquire specific content or

competences (Mdoller, 2008). Motivation can be categorized as intrinsic (when one is
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interested in the topic or because the learning activity makes fun) or extrinsic (learning to
avoid sanctions or to receive praise or rewards). Furthermore, different aspects of the
learners’ subjective perceived self-determination of learning can affect students’ motivation
(Ryan & Deci, 2000). Research shows that self-determined and intrinsic aspects of
motivation foster deeper understanding (Ryan & Deci, 2000).

Here, the pedagogical understanding of learning comes into play. According to that
understanding, specifically that learning always means an interaction with the social world
in which the learner thinks and acts (Billett, 2001; Gohlich et al., 2007), the interpretation of
new information is influenced by, for example, the environment, life experience, and
education of the learner. Pedagogically, knowledge extends beyond mere internal
memorization and categorizing into declarative and procedural types of knowledge. Instead,
it encompasses a broader spectrum, viewing learning as a fundamental step towards
engaging and acting within a social context (Baartman & de Bruijn, 2011; Billett, 2001).

To sum up, first, the term learning is defined differently in different disciplines, and
second, it is affected by various factors. From a pedagogical point of view, learning is
inseparably connected to the world the learner lives in and is omnipresent, since a person
cannot not learn, but can do so implicitly without being aware of it. Learning therefore means
integrating the knowledge and skills of an individual in the world, thereby developing the
world and oneself further. Learning thus enables people to act. From a psychological point
of view, the understanding of learning focuses on the internal processes that take place when
learning. Here, the cognitive load, for example, plays a big role.

In general, it can be said that learning is a complex, active, and individual process that
can differ depending on the subject domain, requires learning strategies, and is affected by
cognitive, metacognitive, and affective-motivational factors (Renkl, 2009). In this
dissertation, learning is defined as the activity of processing information with the aim of

being able to solve problems yourself. The learner has an active role (e.g., deciding whether
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to read a text, which parts of it to read, how quickly, what answers to give, or which solution
strategy to choose, etc.), but the instructor provides the content. In order to measure learning
progress, this dissertation focuses on short-term, individual learning in the form of a change
in performance at the process level (from pretest to an immediate posttest with integrated
phases of knowledge acquisition and knowledge application) as observed from an external
perspective and in the context of formal learning. Knowledge acquisition and processing are
highly cognitive-demanding processes that require different types of knowledge and depend
on cognitive, metacognitive, and affective-motivational factors. This may lead to learners
facing difficulties in learning, as a result of which only superficial understanding occurs and
new information is not linked to already existing knowledge structures, particularly on an
individual process level (cf. Sweller, 1994). Thus, learners need support at the process level;

in this dissertation, that support is provided through feedback.

1.2 Feedback

When investigating feedback, researchers have taken a wvariety of different
methodological perspectives, used different terminology, and based their research on
different theoretical models (cf. jingle-jangle fallacy; Block, 1995). Originally, feedback was
an industrial term that described a loop of information that was generated by an output and
communicated back to the system (Lipnevich & Panadero, 2021). Today, feedback is an
everyday term used in many different contexts, and it can play a key role in learning.

In her review, Shute (2008) emphasized that feedback, in computer-based environments
as well as in classrooms, follows the input of the learner “with the purpose of shaping the
perception, cognition, or action of the learner”, (Shute, 2008, p. 175) and with the overall
aim of enhancing “learning, performance, or both, narrowing the formation of accurate,
targeted conceptualizations and skills” (Shute, 2008, p. 175). Feedback can be used, for

instance, for evaluation purposes or assessments, such as assigning grades, as well as for
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diagnostic purposes, such as controlling whether a learning objective is achieved or
reactivating students’ prior knowledge by providing information about a learning strategy to
solve a task (Azevedo & Bernard, 1995; Narciss & Huth, 2004; Shute, 2008).

The feedback information is based on the learning goals, standards, or various success
criteria (Hattie & Timperley, 2007; Kluger & DeNisi, 1996; Narciss & Huth, 2004). The
success criteria can be explicitly (e.g., “I want you to write an essay with high cohesion on
the topic ...”) or implicitly (e.g., “I want you to write a good essay on the topic ...”)
addressed in the task. However, feedback includes not only assessment (or evaluation) of the
performance against the success criteria but also cues on how to reduce the discrepancies
(e.g., providing solution steps; Stevenson & Phakiti, 2014; Winne & Butler, 1994).
Depending on the goal, different types and forms of feedback may be used; these may convey
specific information and messages to the learner (Hattie & Timperley, 2007; Mertens et al.,
2022; Winne & Butler, 1994), and they can aim at different levels (e.g., task level, process,
level; Hattie & Timperley, 2007).

Regarding the types of feedback, Hattie and Timperley (2007) proposed three types of
feedback in their feedback model: feed up, feed back, and feed forward. Feed up is based on
the learning goal and related to the success criteria by which completion of the task can be
measured. Feed back (generally understood as feedback) means providing information about
the answer to a question or about the current state of performance in relation to the goal that
is being targeted (e.g., whether the task was solved correctly or incorrectly). Feed forward
addresses the question, “Where to next?” by providing further information about the solution
to the task (e.g., by presenting solution steps or suggestions), thus providing the learner with
greater learning opportunities.

Furthermore, following Hattie and Timperley (2007), feedback can be given on four

levels: the task level (i.e., the level of current performance), the process level (i.e., the level
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of the incorporated learning processes), the self-regulation level (i.e., the metacognitive level
of regulation and control), and the self level (i.e., the level of personal evaluation).

The information communicated in the feedback is dependent on when the feedback is
provided: One can distinguish between formative and summative feedback (Allen et al.,
2016; Hattie & Timperley, 2007; Scriven, 1967). Formative feedback occurs during the
learning process, for example, feedback on a first draft, which is provided so that the learner
can process and implement it during revision phase, as well as possibly get a second round
of feedback on the revision. The primary goal of formative feedback is to guide the learner
in regulating and enhancing subsequent phases of the learning process (Butler & Winne,
1995; Hattie & Timperley, 2007; Narciss, 2008, 2012; Shute, 2008). Summative feedback
occurs at the end of task performance, for example, grades at the end of a school year
(Harrison et al., 2015; Shute, 2008).

In addition to the type, the level, and the timing of feedback, there are various other
dimensions by which feedback can be conceptualized (Lam et al., 2011), as use (uptake,
implementation) by the recipient depends on multiple properties of the feedback, such as
specificity (e.g., Goodman et al., 2004) and source (e.g., Greller & Herold, 1975; Vancouver
& Morrison, 1995), as well as on personal traits of the recipient, including learners’ arousal
(e.g., Kluger & DeNisi, 1996; Kluger et al., 1994) and students’ prior knowledge (Narciss
& Huth, 2004; Patchan et al., 2016). Several feedback models purpose unique

conceptualizations of the feedback process.

1.2.1 Feedback Models

On the one hand, there are rather behavioristic models (cf. Bangert-Drowns et al., 1991;
Kluger & DeNisi, 1996; Kulhavy & Stock, 1989) in which corrective feedback to a response
is assumed to result in a change in behavior. On the other hand, there are models that argue

for feedback as a learning opportunity, not only to change students’ behavior but also to
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support them in constructing knowledge, and in these models, students have an active role
in processing the feedback (Sadler, 1989; Shute, 2008). Researchers saw the importance of
feedback engagement and developed models in which the learner is not only seen as a
feedback receiver, but also as a feedback provider, for instance, feedback to oneself or in
peer feedback situations (Kluger & DeNisi, 1996; Narciss & Huth, 2004; Nicol &
MacFarlane-Dick, 2006; Sadler, 1989). In the field of educational psychology, more
cognitive models are examining the underlying mechanisms at play when one processes
feedback and investigating their impact on students’ performance (Butler & Winne, 1995;
Kluger & DeNisi, 1996). Formative assessment, based on Black and Wiliam (1998), takes
the view that, regardless of the instructional environment, feedback is informative for
students as well as for the teacher (or another instructional agent). Based on this idea,
scholars developed models in the context of self-regulated learning (Nicol & MacFarlane-
Dick, 2006; Panadero et al., 2018) or combined with the control-value theory of emotions
(Pekrun, 2017). As a further distinction, there are more general pedagogical approaches
(Hattie & Timperley, 2007; Nicol & MacFarlane-Dick, 2006) but also models that focus on
internal processes (cognitive, metacognitive, affective-motivational; Kluger et al., 1994;
Narciss, 2008; Narciss & Huth, 2004) or on giving feedback in specific contexts, for
instance, in computer-based settings (Narciss, 2008, 2013).

Based on this large variety of conceptualizations, feedback models can be said to vary in
terms of the feedback definition, typology, and thematic foci and to focus on many different
aims and aspects of the feedback process. Which feedback model is suitable depends on the
goal of the research.

The wide range of models shows that various discourses were being held in parallel.
However, there are also recognizable overlaps. In their review, Lipnevich and Panadero
(2021) analyzed 14 feedback models and identified common key elements of the definitions

that the models were based on. Information was a key component in all of the feedback
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models as without information there is nothing to implement or process. Hereby, some
argued that feedback is simply the concrete information that is provided to the learner (see,
e.g., Kulhavy & Stock, 1989); others that it is only feedback when the information is
processed by a learner and view the uptake of feedback as an interactive process (see, e.g.,
Bangert-Drowns et al., 1991). A second crucial component in most of the models was the
gap between the current and the aspirational performance, as feedback intended to close this
gap. Third, the processing of the feedback including cognitive, metacognitive, affective-
motivational, or self-regulated processes, was mentioned in several models. Another element
in more recent models was the agent providing the feedback, which ranged from peers to
teachers to computer-based systems. Finally, the researchers agreed that, at least in the field
of formative assessment, feedback is part of a complex process that includes more than the
provision of static information to learners (e.g., “your answer is correct”); it also requires the
learners’ active engagement. Therefore, they designated students’ characteristics as another
element in their feedback definition.

In 2022, Panadero and Lipnevich developed a new model called MISCA (massage,
implementation, student, context, agents; see Figure 1) that integrates the core elements of
the 14 models in their review (Lipnevich & Panadero, 2021). The MISCA model is based
on the classification of feedback models proposed by Narciss and Huth (2004): content,
function, and presentation of feedback. Panadero and Lipnevich (2022) expanded this
classification by the categories “reception” (students’ characteristics) and ‘“source” of

feedback, then classified the previous models within the MISCA model.
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Figure 1
MISCA model by Panadero and Lipnevich (2022)
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Message describes the content of the feedback it is the actual information that is provided
to the recipient. The feedback massage can have various formats according to the aim of the
feedback (e.g., error-related, subject-related, guidance to support self-regulated strategies,
etc.). As a general guideline, Panadero and Lipnevich (2022) proposed including the three
types of feedback suggested by Hattie and Timperley (2007): feed up, feed back, and feed
Forward. Providing learners with information on the goal, the current state, and how to close
the gap between the current and the targeted performance, holds the potential to significantly
enhance learning and performance. Implementation refers to students’ internal processing of
the feedback, that is decoding, analyzing, and implementing information acording to the goal

of the of feedback, as well as students’ subsequent internal cognitive, metacognitive, and
14
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affective-motivational processes, and self-regulatory steps (Butler & Winne, 1995; Narciss,
2008; Sadler, 1989). Different types of feedback can contribute to varying functions of
feedback, such as generating more correct responses, improving incorrect responses, self-
regulation, and closing existing knowledge gaps (Mertens et al., 2022; Narciss, 2012), as
well as providing feedback on task level, process level, self-regulatory level or self level
(Hattie & Timperley, 2007). Panadero and Lipnevich (2022) placed students’ characteristics
as the central element of the model (cf. Brooks et al., 2021), considering the importance of
the characteristics, differences, and specific needs of individual students (e.g., prior
knowledge, self-efficacy, motivational beliefs, gender; Lipnevich et al., 2016). The context
component includes the selection of a suitable pedagogical approach for delivering the
feedback in terms of modality, instructional design, adaptivity, timing, amount of tries,
appropriate presentation, domain-specific aspects (see also Narciss & Huth, 2004), as well
as orchestration when combining feedback with other instructional strategies (e.g. prior
instruction; Fyfe & Rittle-Johnson, 2016). Thus, the context of feedback is a crucial element
the best formulated feedback message will not improve learning if the context is not
considered (Hattie & Clarke, 2019). Last but not least, the agent emphasizes the source that
provides the feedback (i.e., student themselves, teacher, peers, computer-based system).
Finally, Panadero and Lipnevich (2022) highlighted the interactions between components of
the MISCA model. For example, the feedback message can take different formats, depending
on the agent providing the information, and the instructional context shapes the availability

when selecting the agent.

1.2.2 Definition of Feedback

Regarding the definition and conceptualization of feedback, there seems to be common
ground in the educational field. In this dissertation, feedback is defined based on the core

elements identified by Lipnevich and Panadero (2021) in various theoretical feedback
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models. Additionally, the key elements of the feedback process and its potential influencing
factors, as summarized in the MISCA model (Panadero & Lipnevich, 2022), the ITFL-model
(Narciss, 2006, 2008), the framework for designing formative feedback of Narciss and Huth
(2004), and the fundamental review of formative feedback by Shute (2008), contribute to the
comprehensive definition. In this dissertation feedback in general is defined as follows.
Feedback is post-response information that is provided by an external agent (e.g., peer,
teacher, system, Al) or by internal sources (e.g., information perceived by the student when
processing a task) and focuses on aspects of a learners’ current performance or learning to
help the learner to close the gap between the current performance or learning and the target

performance or learning based on success criteria.

1.2.3 Empirical Evidence of Feedback

Feedback is considered an effective instructional strategy to support students in their
learning processes and teachers in their teaching (Azevedo & Bernard, 1995; Hattie &
Timperley, 2007; Kluger & DeNisi, 1996; Mertens et al., 2022; Narciss, 2012; Shute, 2008;
Wisniewski et al., 2020). To date, there has been a plethora of research on feedback in
different instructional contexts and meta-analytical evidence that has contributed to the
conventional wisdom that feedback is one of the most influential factors in diverse
instructional settings, including digital learning environments (e.g., Bangert-Drowns et al.,
1991; Hattie & Timperley, 2007; Mertens et al., 2022; van der Kleij et al., 2015).

For instance, Graham et al. (2011) conducted a meta-analysis (k= 16 studies) that focused
on the overall effect of different forms of formative feedback (e.g., by peers, instructor;
verbally, written, computer-based) on the writing quality of students from grades 2 to 9. The
findings showed a moderate to large significant positive effect (d = 0.77, CI 95% [0.49,
1.08]) of feedback on writing quality in comparison to an alternative treatment or a control

condition without any feedback. However, the authors themselves stated that the results must
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be interpreted with caution due to the great heterogeneity and that the number of studies does
not allow a clear conclusion to be drawn regarding the effectiveness of different forms of
feedback.

More recently, Wisniewski et al. (2020) conducted a meta-analysis over 435 empirical
studies (k = 994 effect sizes, N > 61,000 students) that investigated the effects of feedback
on students’ learning. Based on random-effect models, the results revealed a medium overall
effect (d = 0.48) of feedback on learning. The results also showed a large heterogeneity (/>
= 83.43%) between the studies. Moderation analyses clarified that this could partly be
explained by the type of feedback information, as high-information (elaborated) feedback
had a greater impact on learning (d = 0.99, k = 42 effects) than corrective feedback (d = 0.46,
k =238 effects) or reinforcement/punishment (d = 0.24, k = 39 effects). Another influencing
factor was the direction of feedback who provided feedback to whom, as peer feedback
(student to student) was most effective (d = 0.85, k = 16 effects), followed by teacher to
student feedback (d = 0.47, k = 812 effects) and student to teacher feedback (d = 0.35, k =
27). When interpreting these effects, however, the number of included studies should be
taken into account and put into perspective (fewer studies often lead to larger effects than do
analyses with larger sample sizes [small-study-effect]; Sterne et al., 2000).

Kluger and DeNisi (1996) produced similar outcomes in their meta-analysis based on 607
effect sizes (extracted from 131 papers, N = 12,652 participants) that examined the
variability of the effects of feedback interventions on performance, as the authors obtained
an average-small to medium effect of d = 0.41. However, they also observed a large
heterogeneity: Over a third (32%) of the effects had a negative influence on performance.
Kluger and DeNisi (1996) concluded that feedback interventions are not always effective
but depend on various boundary conditions; feedback interventions can reduce or improve
performance. To identify the relevant boundary conditions for implementing feedback

effectively, the authors performed several moderator analyses. The major findings showed
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that praise had an attenuated effect on students’ meta-task processes which led in many cases
to reduced performance (see also Balcazar et al., 1985). In contrast, feedback interventions
that supported students’ attention to the task (regarding motivation or learning processes)
produced higher and positive effects (this also applies for computer-based interventions) on
students’ performance (Kluger & DeNisi, 1996). Another main result of Kluger and DeNisi’s
(1996) meta-analysis was that the effectiveness of feedback interventions was found to be
moderated by, for example, 1) the type of task as memory tasks produced higher effects than
physical tasks or following rules, 2) the complexity of the tasks since complex tasks revealed
weaker effects than less complex tasks, 3) the goal setting as feedback which included goal
setting was more effective than that without, and 4) the elaboration level of the feedback

information, as providing the correct solution was more effective than not providing it.

1.3 Computer-Based Feedback

In the case of computer-based feedback provided by a system, the software takes the role
of the feedback providing agent, and it usually utilizes machine learning algorithms.
Educational technologies are used to provide system-generated feedback via, for example,
an algorithm or artificial intelligence (Al) that analyzes the student’s draft of a text and then
automatically reports back errors or offers suggestions for improvement (see, e.g., Dai et al.,
2023; for examples of Al-based feedback using ChatGPT; see Montenegro-Rueda et al.,
2023; Scheurer et al., 2022; Tsai et al., 2020; Wu et al., 2022). Computer-based feedback
can also be person-mediated, which means that people, such as teachers or peers, provide
feedback via an electronic platform. For example, a teacher can formulate a suitable response
to various possible answer options for a multiple-choice question and the system then
provides the corresponding feedback once an answer is chosen by a student.

Using computer-based settings and feedback tools in learning environments entails

various advantages and disadvantages. Computer-based feedback often takes place in
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individual learning phases, which means that teachers cannot control how students perceive
and implement the feedback or how they react (e.g., emotionally, or motivationally) to the
feedback (Alharbi, 2017). For example, students may feel less recognized, less supported on
a social level, or less engaged when a system, instead of a human, provides correction and
encouragement (Fong et al., 2019; Fong & Schallert, 2023). In addition, applying computer-
based feedback requires digital literacy of teachers and students, as well as the necessary
technical equipment. Furthermore, teachers’ behavioral intention and attitude towards
educational technologies are determined by teachers’ perceived usefulness and the ease of
using of digital technology in education (Scherer et al., 2015). However, when teachers are
open to use computer-based tools and the (technical) requirements are met, applying
computer-based feedback tools combines several advantages.

A great advantage of implementing computer-based feedback is that it can save time.
Although feedback has been demonstrated to be effective in fostering learning, especially
providing individual, formative feedback, is often time-consuming and laborious (Cho &
MacArthur, 2010). Particularly in full classes it is difficult to pay the same amount of
attention to everyone. Since teachers usually have little time to offer individual feedback to
learners (Cho & MacArthur, 2010) and cannot provide immediate feedback to every student
in a full class simultaneously, computer-based methods of automatic feedback are a
particularly useful supplement to instructor feedback to support learning (Kellogg &
Whiteford, 2009; Roscoe & McNamara, 2013; Strobl et al., 2019) and can support learners
individually and immediately (Alruwais et al., 2018; van der Kleij et al., 2012, 2015). Even
if teachers’ capacity is limited, through computer-based feedback, all students in a class can
receive immediate, individualized, and self-regulated feedback (Shute, 2008; Wisniewski et
al., 2020). Teachers can also face problems when students spontaneously ask for feedback;
computer-based technologies enable teachers to prepare feedback in advance. Another

advantage is that computer-based feedback is more objective than human feedback, as the
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same output is provided for the same input, and it is less biased by potential prejudices
toward the students (Kluger & DeNisi, 1996; Shute, 2008). From a technological
perspective, empirical findings have shown that computer-based systems are able to provide
more accurate feedback than human raters on operational characteristics (see, e.g.,
orthography, local cohesion; e.g., Burkhart et al., 2020). Furthermore, computer-based tools
increase the range of feedback strategies that can be implemented (Narciss, 2013) and allow
for multimodal and multimedia feedback, which means, for example, if oral teacher feedback
is not perceived or not perceived as intended, computer-based feedback can display and store
the information in written or visual formats (Ainsworth, 2006; Sweller et al., 2011). It is also

possible to integrate adaptive elements and provide different levels of support for students.

1.3.1 Empirical Evidence Regarding the Implementation of Computer-
Based Feedback

In spite of the theoretical potential of computer-based feedback, meta-analytical studies
on the use of computer-based feedback reveals a diverse picture regarding its general
effectiveness. For example, Graham et al. (2011) conducted a meta-analysis of 16
comparisons from true-experimental and quasi-experimental studies to investigate the effect
of feedback on overall student writing quality (from second to ninth grade; N = 1011
students). In the studies, students in the experimental condition received formative writing
assessment, and those in control condition received another or no treatment. The authors
conducted a sub-analysis that focused only on computer-based feedback based on four
studies (ES1 = —.07, N = 835; ES2= .35, N=111; ES3= .38, N = 243; ESs= .60, N = 52).
They found a small, non-significant overall effect of computer-based feedback on writing
quality compared to business-as-usual interventions. However, these results were based on
the synthesis of only four very different empirical studies with heterogeneous results, which
limits the statistical significance of the results, particularly with regard to the sample sizes

of the included studies and the significance of the effect. The problematic validity becomes
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even clearer when comparing the results of Graham et al. (2015), who also considered four
studies. Three were the same as in Graham et al.’s (2011) meta-analysis. By excluding the
study by Shermis et al. (2004), which had the highest number of student participants (N =
835) who reported a negative effect (ES = —.07), and instead including a different study
(Holman, 2011) that revealed a positive effect (ES = .44), they concluded that computer-
based feedback is effective in improving students’ writing quality with a significant medium
positive effect of d = 0.38.

Mertens et al. (2022) conducted a network meta-analysis based on 163 effect sizes of 77
studies published between 1968 and 2021. The aim was to investigate the effectiveness of
different computer-based feedback types (e.g.., knowledge of results, knowledge of correct
response, answer until correct, elaborated feedback) on learning outcomes primarily those
of school students in different domains. Thereby, the authors differentiated between lower-
order learning (e.g., recall; based on 115 effect sizes) versus higher-order learning (e.g.,
transfer; based on 48 effect sizes). In addition, due to the network meta-analysis approach
the authors were able to rank the feedback types according to their effectiveness. Mertens et
al. (2022) found small (Hedge’s g = 0.24) to medium-to-large (Hedge’s g = 0.71) positive
significant effects for all types of computer-based feedback on lower-order learning
outcomes and significant medium effects of answer until correct feedback and elaborated
feedback on higher-order learning outcomes. Knowledge of results and knowledge of correct
response feedback did not produce a significant effect on higher-order learning outcomes
(Mertens et al., 2022). Thus, the authors provided evidence that the type of feedback (e.g.,
corrective vs. elaborated) and the type of learning outcome (lower- vs. higher-order)
determine the effectiveness of the feedback. Their results revealed that elaborated feedback
produced the largest effects on both lower-order (g = 0.71, p < .01) and on higher-order

learning (g = 0.46, p < .01). In contrast, knowledge of correct response feedback was least
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effective in supporting learning, and this feedback only affected lower-order learning (g =
0.24, p = .026), not higher order learning (g = 0.14, p = .345).

Another factor contributing to the limited understanding of the effectiveness of computer-
based feedback is the lack of in-depth research on this topic. Previous research has
predominantly focused on feedback in general including computer-based feedback as a
subgroup with a limited number of heterogeneous studies (cf. Graham et al., 2011, 2015).
Moreover, researchers have only rarely investigated the orchestration of computer-based

feedback (e.g., its combination with prior instruction, which is often the case in practice).

1.3.2 Empirical Evidence Regarding the Orchestration of Computer-
Based Feedback

Most instructional situations start by inducing knowledge through input or instruction.
The aim of starting with the provision of a strategy instruction (for example, a procedural
explanation of parallel electrical circuits, Ohm’s law, and how to apply it) is that learners
build up a consistent mental representation for that type of problem and the corresponding
solution strategies (e.g., how to fill out the formula to calculate the electric current in an
electrical circuit). In subsequent practice phases, students apply and practice the acquired
knowledge during a subsequent practice phase, in which they can receive feedback on their
performance. Here, the provided feedback is designed to further support students in applying
the previously learned strategy to solve the task and in transferring the knowledge to solve
different tasks (higher-order learning). Considering that both strategy instruction and
feedback have been shown to be effective in supporting student learning, they are frequently
combined in educational settings (Magliaro et al., 2005; Rosenshine, 2008). From an
alternative perspective, providing strategy instruction in advance carries the risk that
students may underestimate the specific task requirements during the practice phase,
resulting in reduced processing of the feedback (Narciss, 2008; see also illusion of

understanding, Renkl, 2014).
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Regarding computer-based settings, initial research found that the combination of
computer-based feedback and computer-based instruction reduced learning (or had no
additive effect) compared to computer-based instruction programs without computer-based
feedback (Carroll & Kay, 1988; Fyfe & Rittle-Johnson, 2016; Kluger & DeNisi, 1996;
Lepper & Gurtner, 1989; Wise et al., 1989).

Salden et al. (2010) compared eight studies across different domains that combine
strategy instruction (i.e., worked examples delivered by a cognitive tutor) and problem
solving situations that include different types of feedback (e.g., context-sensitive hints,
immediate feedback, and prompts). The findings showed that the combination of strategy
instruction and tutored problem solving enhanced learning. In contrast, Fyfe and Rittle-
Johnson (2016) conducted experimental studies with elementary students to investigate the
combined effects of computer-based prior strategy instruction in a learning phase and
computer-based feedback in a subsequent practice phase on students’ mathematical problem
solving. The strategy instruction comprised an explanation of how to use the equalize
strategy and a demonstration of four different math equivalence problems that could be
solved by applying the correct problem solving strategy. The feedback was presented in the
form of knowledge of result feedback and praise (e.g., “Good job! You got the right answer”
or “Good try, but you did not get the right answer”; Fyfe & Rittle-Johnson, 2016, p. 85). In
Study 1 (V= 108), they crossed the factors strategy instruction (yes vs. no) and immediate
corrective feedback (yes vs. no). The researchers identified a strategy-by-feedback
interaction, suggesting that students’ learning was enhanced by to strategy instruction only
when it was not combined with feedback. In Study 2, all students received prior strategy
instruction and 12 practice tasks in a subsequent practice phase. The researchers manipulated
which type of feedback (no vs. immediate vs. summative feedback) the students received
after each practice task. As in Study 1, students benefited more from the strategy instruction

in the no-feedback condition than in the combined condition in which they received both
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prior strategy instruction and additional feedback. McLaren et al. (2008) found a similar
pattern of the combination of immediate feedback and worked examples within a cognitive
tutoring system for chemistry. Additionally, Wischgoll (2017) showed related evidence
regarding a reduced interaction effect on students’ writing quality in higher education when
peer-given strategy instruction (training on writing strategies, i.e., applying text structures,
language use, summarization) was combined with informative tutoring feedback or try-again
feedback in a computer-based learning environment. More recently, Shirah and Sidney
(2023) conducted an experimental study based on a 3-by-2 design with 171 undergraduate
students. The authors aimed to investigate whether it made a difference if students were
induced with relevant or irrelevant prior knowledge in combination with no feedback,
immediate computer-based feedback, or delayed computer-based feedback. They found that
immediate feedback supported learning more than no feedback only when irrelevant prior
knowledge had been induced. Immediate feedback combined with topic-related prior
knowledge activation had no effect on learning.

In total, these contradictory findings offer initial evidence on the orchestration of
feedback in combination with advance induced strategy knowledge indicating that the
combination is not necessarily effective at fostering students’ learning and can also reduce
the effect of single interventions (see also Kluger & DeNisi, 1996; Narciss, 2008). At the
same time, previous research has indicated that the effectiveness of feedback strongly
depends on learners’ prior knowledge. It remains unclear what additional factors might

influence computer-based feedback.

1.3.3 Potential Influencing Factors on the Effectiveness of Computer-
Based Feedback

According to the theoretical models of the feedback process, various influencing factors
must be considered during both implementation (providing feedback) and uptake

(processing) to ensure that feedback is beneficial for learning. Shute (2008) criticized that
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there are gaps in the feedback literature regarding feedback in instructional contexts, the
potential mediating impact of student characteristics, and potential interactions of feedback
and task characteristics (see also Strobl et al., 2019).

According to the MISCA model, potential influencing factors may include the content of
the feedback (cf. lower- and higher-learning outcome), the implementation and function of
the feedback (e.g., specificity, corrective vs. elaborated), students’ characteristics (prior
knowledge, cognitive, metacognitive, and motivational processes), the representation and
context of feedback, and the source (considering the computer as a possible agent). In
contrast to the rather general MISCA model, Narciss’ (2006, 2008) Interactive Two
Feedback Loops Model (ITFL-model) explicitly refers to computer-based feedback. Similar
to the work of Narciss and Huth (2004), Narciss (2008) emphasized the importance of
considering how computer-based feedback is embedded in the context and highlighted the
role of individual cognitive, metacognitive, and motivational processes. The ITFL-model
treats feedback implementation as a mutual interaction involving external (feedback) and
internal (learner) factors that has a potential impact on the effectiveness of feedback (cf.
internal and external feedback loop; see also Butler & Winne, 1995; Hattie & Timperley,
2007; Panadero & Lipnevich, 2022, for related assumptions).

Based on the framework by Narciss and Huth (2004), MISCA (Panadero & Lipnevich,
2022), the ITFL-model (Narciss, 2008) and on previous literature and research, the
influencing factors on the process of computer-based feedback can be summarized as
follows:

e Feedback-related factors include the complexity of the content of the task and the
feedback (cf. lower- and higher-learning outcomes; Mertens et al., 2022; Panadero
& Lipnevich, 2022; Strobl et al., 2019), specificity of feedback (Goodman et al.,

2004; Moreno, 2004; Shute, 2008), level of elaboration (Mertens et al., 2022;
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Strobl et al., 2019), and representation of the feedback (Ainsworth, 2006; Butler,
1987; Wiliam, 2007).

e Learner-related factors include prior knowledge (Fyfe & Rittle-Johnson, 2017;
Mory, 2004; Narciss & Huth, 2004; Shirah & Sidney, 2023), cognitive processes
(Butler & Winne, 1995; Sweller et al., 2011), metacognitive processes (Baars et
al., 2013; Finn & Metcalfe, 2014; Narciss & Huth, 2004), and affective-
motivational processes (Kluger et al., 1994; Kuklick & Lindner, 2023).

e Context-related factors include instructional orchestration of feedback (Fyfe &
Rittle-Johnson, 2016; Salden et al., 2010; Wischgoll, 2017), and the timing of the

feedback (i.e., sequence of the orchestration).

1.3.3.1. Do Feedback-Related Factors make the Difference?

Specificity of feedback concerns how clearly and in how much detail the feedback
information is presented (Goodman et al., 2004; Lipnevich & Panadero, 2021; Patchan et
al., 2016). One can distinguish between specific feedback, which provides the learner with,
for example, an explanation of what was done wrong when solving the problem or directly
highlights the error in the learner’s response, and generic feedback, which might include, for
example, holistic feedback on the performance in general. Previous studies have
demonstrated that specific feedback contributes to improvements in learning (Hattie &
Timperley, 2007; Lachner et al., 2017a; Patchan et al., 2016; Shute, 2008; Wisniewski et al.,
2020). Most previous research has shown that generic feedback is perceived as more
challenging to implement and can frustrate learners which may consequently lead to lower
learning gains (Kluger & DeNisi, 1996; MacArthur, 2015; Moreno, 2004; Patchan et al.,
2016; Roscoe & McNamara, 2013; Shute, 2008; Sturm, 2014, 2016).

Representation of feedback refers to its visual presentation. Besides spoken feedback,

there are, for instance, numerical representations that are frequently presented in the form of
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scores, points, percentages, grades, charts, rating scales, or diagrams (Kellogg et al., 2010;
Roscoe, Snow, & McNamara, 2013; Wilson & Roscoe, 2020). Furthermore, feedback can
be visualized in pictorial formats, such as in the form of concept maps or with emojis,
symbols, or arrows (Kim, 2012; Lachner et al., 2017a, 2017b; O’Rourke et al., 2011; Pirnay-
Dummer & Ifenthaler, 2011; Villalon & Calvo, 2011). In addition, there are also embedded
formats, such as signaling, highlighting, or marking errors or important information
(Burkhart et al., 2020; Moore & MacArthur, 2016; Tsai et al., 2020). In some cases, it makes
sense to combine different representation formats; according to Ainsworth (2006), this can
support learners in processing and implementing the feedback and improve their
understanding of complementing, constraining, or relating different representations to each
other (see also Scaife & Rogers, 1996). Using multimedia or a simple representation format
can reduce cognitive load (cf. modality effect; Moreno & Mayer, 2002), but a combination
of different representation formats can also lead to no additional learning gain. For instance,
Butler (1987) showed that students who received content-related text-based feedback
showed more improvement in learning than did students who received only numerical
feedback (i.e., grades) or a combination of grades and text-based feedback, probably because
the latter focused more on the grade than on the detailed text-based feedback (see also
Wiliam, 2007).

The elaboration level of feedback refers to the type of feedback that is provided, which
depends on the goal and the targeted function of the feedback (Mertens et al., 2022; Panadero
& Lipnevich, 2022). For instance, feedback includes less information when the function is
verification or communicating an error and the correct response than when the goal is to
support students in their self-regulated learning and explain how to apply the appropriate
solution strategy. Previous research has indicated that feedback has a differential impact on
learning, depending on the level of elaborated of the information (Butler & Winne, 1995;

Hattie & Timperley, 2007; Kuklick & Lindner, 2023; Mertens et al., 2022; Shute, 2008).
27



Computer-Based Feedback

Narciss (2012) distinguished between different types of feedback related to outcomes, such
as knowledge of result, knowledge of correct response, or answer-until-correct feedback.
These outcome-related feedback types are also known as corrective feedback (as noted by
Fyfe & Rittle-Johnson, 2016; Shute, 2008) or lower-order feedback (in studies like Kuklick
& Lindner, 2023; Mertens et al., 2022). The function of these feedback types is to elicit
correct responses. However, improving incorrect responses often requires additional
information. Therefore, more elaborated feedback types be employed, which offer more
substantial feedback content (as discussed by Kuklick & Lindner, 2023; Mertens et al., 2022;
Narciss, 2012; Shute, 2008). The function of elaborated feedback is to offer additional
guidance and to assist students in developing strategies and consolidating their knowledge
so that they may close knowledge gaps and be able to solve future tasks correctly (Brooks et
al., 2019; Hattie & Timperley, 2007; Mertens et al., 2022; Shute, 2008).

The level of complexity of the task (designated focus of feedback by Patchan et al., 2016)
is related to the topic of the feedback information, the implementation processes the task
requires, and which mechanisms are activated when processing the feedback information
(e.g., decoding, analyzing, interpreting), but it also refers to the type of knowledge that is
necessary to solve the task. Generally, independent of the subject domain it can be
categorized as a lower level of complexity or a higher level of complexity. In the domain of
writing, for example, a lower level of complexity refers to errors of grammar, word length
or spelling (see also lower-order learning outcome or lower order of text quality; Mertens et
al., 2022; Patchan et al., 2016; Strobl et al., 2019). The text would still be comprehensible,
even if there were errors at the lower level of text quality. Accordingly, feedback on a lower
level would not be as complex as that on a higher level, such as feedback regarding the
overall structure of the text or global cohesion. To implement such complex higher-level
feedback, learners must possess both declarative knowledge and domain-specific procedural

knowledge to know what the text should look like and how to realize global cohesion. In
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contrast, in the domain of physics, for example, the level of complexity could refer to the
level of the transfer the learners have to make. For instance, when learners have already
solved practice tasks on a specific topic (e.g., Ohm’s law), it might be easier for them to
transfer this knowledge to a similar task for which the values differ, but the solving steps are
the same (i.e., near transfer; lower level of complexity). However, when the task changes
and they should apply Ohm’s law again but in a different context, they need far transfer
knowledge to think beyond the provided information. Previous research indicated that
higher-level feedback has a greater impact on learners’ performance (McNamara et al., 2013;
Patchan et al., 2016), but it has also been shown that students are more likely to implement
feedback at a lower level than at a higher level because of the greater complexity of the high-

level feedback (Patchan et al., 2016; Strobl et al., 2019).

1.3.3.2. Do Learner-Related Factors make the Difference?

Prior knowledge has been shown to has a crucial impact on students’ learning and in the
context of feedback (Bryson et al., 1991; Flower et al., 1992; Fyfe & Rittle-Johnson, 2016;
Kellogg, 2008; Krause et al., 2009; Mory, 2004; Narciss & Huth, 2004; Patchan et al., 2016).
Previous research has suggested that students with lower prior knowledge benefit more from
feedback than do students with higher prior knowledge (Allen et al., 2016; Fyfe & Rittle-
Johnson, 2016; Krause et al., 2009; Strobl et al., 2019). Shirah and Sidney (2023) provided
initial evidence suggesting that computer-based feedback was only effective when the
induced prior knowledge was irrelevant to the topic of the targeted task (see also Fyfe &
Rittle-Johnson, 2016, which also showed the non-additive effects of inducing topic-related
prior knowledge before providing feedback). To this end, more differentiated research is
needed on how prior knowledge affects computer-based feedback on learning.

Cognitive capacity is needed to understand the provided information, to decode it, to

restructure the information in memory, and to analyze and interpret it (Butler & Winne,
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1995; Hattie & Timperley, 2007; Panadero & Lipnevich, 2022). Based on the principles of
cognitive load theory (Sweller, 2004; Sweller et al., 1998), it can be assumed that, depending
on the amount and presentation of information, the perceived difficulty can be determined,
and the mental effort will increase.

Metacognitive processes such as judgment of learning, students’ self-assessment of their
performance, self-regulation, and monitoring (Labuhn et al., 2010; Zimmerman, 2000), may
also play a role in processing the feedback, as previous research has shown that students
frequently overestimate their performance and knowledge (Baars et al., 2013; Finn &
Metcalfe, 2014). Thus, Fyfe and Rittle-Johnson (2016, 2017) and Narciss (2013) assumed
that when prior knowledge is induced first, students will no longer focus on the feedback
because they are already feeling competent. This inadequate self-assessment can have a
potential impact on learners’ self-regulation during feedback processing and can reduce
performance.

Affective-motivational processes such as engagement, pleasantness, valence, arousal, or
intrinsic motivation could also influence learning (Hattie & Timperley, 2007; Mory, 2004;
Shute, 2008). Previous research has indicated that such affective-motivational factors seem
to be crucial because they can both facilitate and inhibit students’ cognitive processes,
intrinsic motivation, and competence beliefs, which consequently affects their performance
(Finn, 2015; Fong et al., 2019; Kluger & DeNisi, 1996; Kuklick & Lindner, 2021; Mertens
et al., 2022). Valence (i.e., whether learners receive positive or negative feedback) can
additionally strengthen or reduce the effects of affective-motivational processes (Burgers et
al., 2015; Efklides & Dina, 2004; Fong et al., 2019; Grundmann et al., 2021; Kluger &
DeNisi, 1996; Kuklick & Lindner, 2021, 2023). Thus, previous researchers have argued that
future research is needed to investigate the relationship among affective components,
feedback, and learner outcome performance (e.g., Goleman, 1995; Picard et al., 2004; Shute,

2008).
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1.3.3.3. Do Context-Related Factors make the Difference?

The context of the feedback situation plays a crucial role in the effectiveness of feedback
(Hattie & Clarke, 2019; Narciss & Huth, 2004). Nowadays, the understanding that feedback
is subject-specific is widespread. However, there are other possible contextual influencing
factors that have received less attention.

The orchestration of computer-based feedback refers to the instructional context and
describes whether feedback is provided as a single intervention or combined with other
instructional strategies (e.g., strategy instruction). Previous research on the orchestration of
feedback has provided initial evidence across disciplines that feedback alone is more
effective in fostering learning than feedback combined with strategy instruction (Fyfe &
Rittle-Johnson, 2016; Shirah & Sidney, 2023; Wischgoll, 2017). However, Graham et al.
(2015) and Salden et al. (2010) reported contrasting findings regarding whether the
combination of feedback improved learning. To shed light on and explain these
heterogeneous results, a stronger empirical investigation of the feedback linked to strategy
instruction is needed. In this dissertation, the focus was on investigating the orchestration of
computer-based feedback combined with prior strategy instruction.

The sequence in which feedback is provided when it is combined with instruction is
included separately as a further factor related to the instructional context. Sequence was
added as a separate factor because it does not describe the orchestration of prior instruction
with additional feedback but rather when the computer-based feedback is provided (e.g., at
the beginning of the learning process or in between the learning process). The regular
sequence starts the learning process with a learning phase (including instruction or worked
examples), followed by a practice phase that includes feedback (I-PS [instruction followed
by problem solving]; e.g., Kant et al., 2017; van Gog et al., 2011). In contrast, the learning
process can also start with a practice phase including feedback followed by a subsequent

learning phase (PS-I [problem solving prior instruction]; e.g., Kapur, 2012; Loibl et al.,
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2017). Previous research on the sequence of feedback in an instructional context has
produced contradictory findings regarding the sequence in which feedback should be
provided when it is combined with instruction. On the one hand, research in the field of PS-
I (see Kapur, 2012; Loibl et al., 2017; Sinha & Kapur, 2021) has indicated that providing
students with a practice phase followed by instruction yields higher conceptual and transfer
knowledge than does providing instruction with a subsequent practice phase (Sinha & Kapur,
2021). On the other hand, previous research has shown that when instruction is followed by
a practice phase, students profit more than when the learning phase is preponed (Kant et al.,
2017; van Gog et al., 2011). Despite this, previous research on sequence has only examined
the difference between PS-I and I-PS and has not specifically considered feedback in the
practice phase. Thus, it is still unclear if feedback supports learning more when it is provided

at the beginning of a teaching session or after instruction.

1.4 The CAFCALI Model

In order to organize the identified potential influencing factors of the effect of computer-
based feedback on learning (see Chapter 1.3.3), the CAFCALI (Computer-Assisted
Feedback-, Context-, And Learner-related Impact on Learning) model was developed as

part of this dissertation (see Figure 2).
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Figure 2
The CAFCALI Model
External factors: Context-related influencing factors External factors: Feedback-related influencing factors
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Note. CAFCALI stands for Computer-Assisted Feedback-, Context-, And Learner-related Impact on Learning.
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Previous theoretical feedback models include most of the named relevant influencing
factors (as described in Chapter 1.3.3 Potential Influencing Factors) related to the
implementation of feedback. However, in the MISCA model (Panadero & Lipnevich, 2022),
the individual factors were not mentioned directly in the model but grouped together under
a category. For example, the MISCA model, includes the category implementation, which
comprises internal processing and function. Panadero and Lipnevich (2022) explained that
this category refers to students’ internal processing of feedback information (e.g., decoding,
analyzing, interpreting dependent on the function of the feedback), which is related to
students’ cognitive, metacognitive, and affective-motivational activities. These underlying
processes, in turn, differ due to individual differences that were classified under students’
characteristics. 1t is therefore not entirely clear from which perspective the factors are
viewed, that is, from a feedback perspective (e.g., depending on the function of the feedback)
or from a learner perspective (e.g., the underlying processes the feedback initiates). In
addition, the learning process itself is not explicitly included.

Narciss and Huth (2004) chose a different approach: dividing their framework into the
categories instruction, feedback, and learner. The authors addressed the learning process
itself by including the aspects of objectives, tasks, and errors under the component
instruction, which is related to the learning goal and the necessary skills and types of
knowledge. It should be noted that this framework was developed as a guideline for how to
design feedback. Thus, these named aspects of instruction must also be interpreted as
feedback-related aspects. For instance, whether the feedback explains the source of error,
which strategy was incorrect, or repeating the learning goals but not explicitly considering
how feedback is implemented in the context of the learning process and the sequence in
which it is orchestrated. In this framework, cognitive, metacognitive, and motivational
aspects appear in all three categories (i.e., instruction, feedback, learner), but from a different

perspective in each case. From an instructional perspective, for example, the authors stated
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that cognitive operations and metacognitive skills are relevant to understanding the task
itself. In the feedback category, they mentioned the cognitive, metacognitive, and
motivational processes that are activated by the feedback, depending on the function of the
feedback (as described in the MISCA model). Separately, they noted the influence of
feedback on the learner and their performance by including the influences of motivation,
prior knowledge, and metacognitive skills at an individual level. In contrast to the MISCA
model, in the framework of Narciss and Huth (2004), the content of the feedback mainly
referred to the level of elaboration; aspects such as specificity or complexity were not
specifically mentioned. Likewise, the instructional category mainly referred to the learning
objectives, tasks, and errors, and less to how feedback was orchestrated.

In contrast, the ITFL-model by Narciss (2008) takes the learning process into account and
considers learner-related (internal) factors as well as (external) factors based in the learning
and teaching context. On both sides, the learning process starts with goal orientation and
setting as well as individual or technical prerequisites. Building an internal or external
representation of the standards, competences, and task requirements allows for identification
of the internal and external target values of the desired level of competence. Subsequently,
a learning phase with knowledge or skill acquisition takes place, followed by task
processing, which refers to the actual value of students’ performance. According to Narciss
(2008), there are two feedback loops, one internal and one external, which interact with each
other. In the internal feedback loop, learners’ cognitive, metacognitive, and affective-
motivational processes are activated, and learners act accordingly when processing and
implementing the feedback to reach the internal targeted value. On the other hand, the model
also a compares the actual and external targeted values. Based on this evaluation, elaborated
and tutorial information can be provided. It is clear that the ITFL-model is very

comprehensive and considers the learning process, context-related factors, and learner-
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related factors. However, no explicit feedback factors, such as representation or the
specificity of the feedback, are included in the model.

The named models refer to some degree to the instructional context of the feedback
(instructional medium in the ITFL-model by Narciss, 2008; instruction as an element of the
framework by Narciss & Huth, 2004; and the context component in the MISCA model by
Panadero & Lipnevich, 2022). However, the orchestration of computer-based feedback, in
the sense of its combination with other instructional strategies and how, for example, prior
presented instruction may have an impact on the effect of computer-based feedback, is not
explicitly mentioned.

Many models, therefore, contain important aspects for testing the influencing factors of
computer-based feedback, but to date there exists no model that depicts the relevant
feedback-, learner-related and context-related factors (i.e., orchestration of computer-based
feedback) directly in the model, nor their relationship to each other and their embedding in
the learning process. The CAFCALI model was developed to address this lack and to
investigate under which circumstances computer-based feedback fosters learning.

In contrast to most previous feedback models, the CAFCALI model explicitly considers
the learning process, which is represented in the center of the model (see Figure 2). The
CAFCALI model describes the learning process in four steps (based on Bangert-Drowns et
al., 1991; Narciss, 2008): First, students receive a task and become familiar with the goal of
the learning unit. Second, in the learning phase, students receive input via a question or a
provision of a strategy instruction. Third, in the practice phase, students respond to the
question or try to apply the strategies they were introduced to by the prior instruction. Last,
as a fourth step, learners adjust their strategies to solve the task, close knowledge gaps, or
revise their responses by implementing the information they received through the computer-

based feedback (cf. mindfulness model by Bangert-Drowns et al., 1991).

36



The CAFCALI Model

In addition, the CAFCALI model takes the required multidimensional perspective by
considering the theoretically derived potential influencing factors of computer-based
feedback that are relevant for implementation, orchestration, and processing of computer-
based feedback to support the learning process across subject domains. The CAFCALI
model differs regarding context-related factors (i.e., orchestration with prior strategy
instruction, sequence) and feedback-related factors (i.e., specificity, representation,
elaboration, level of complexity). The internal factors refer to the learner-related factors (i.e.,
prior knowledge, cognitive, metacognitive, and affective-motivational processes). Thereby,
it follows the distinction drawn by Nraciss (2008) between external and internal factors. The
various influencing factors are shown around the learning process (see Figure 2). Arrows
illustrate references to the learning process that are relevant for investigating the effect of
computer-based feedback.

As learners-related factors play a role in multiple stages of the learning process, they are
presented at the bottom as the foundation of the CAFCALI model (see Figure 2). Before
learners begin with a learning process, they already possess a current state of prior
knowledge that act as a base for the processing of new information (Bangert-Drowns et al.,
1991; Shute, 2008). In addition, it might play a role in how motivated learners are to learn
something new or to process the task when the learning process starts (Jiang et al., 2018;
Ryan & Deci, 2000). Their motivational state might depend on their interest in the topic or
their affective mood (Ainley et al., 2005; Pekrun, 2005). When learners receive a task, a
certain level of cognitive capacity is necessary just to understand it (Atkinson & Shiffrin,
1968; Renkl, 2009). Likewise, in the learning phase, students’ cognitive capacities are used
up because prior knowledge (in the form of information located in memory) is activated.
Depending on their current state of prior knowledge, learners monitor their learning process
and might perform assessments of their own performance (cf. internal loop; Narciss, 2008).

So, in the practice phase different cognitive, metacognitive, and affective-motivational
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mechanisms also come into play in processing the provided information. Based on these
mechanisms, the learners might have any kind of expectation of the feedback (Eccles &
Wigfield, 2020; Kuklick & Lindner, 2021; Narciss, 2008). When students receive feedback
after practicing, evaluating the feedback information can also activate different cognitive,
metacognitive, and affective-motivational processes. Processing feedback information
requires cognitive capacity and can lead to cognitive overload if the same information was
provided in a prior instruction (Sweller et al., 1998). In addition, learners might be
disappointed (when they overestimated their performance) or happy (when they
underestimated their performance or assessed their performance correctly), depending on
their metacognitive judgments. This could lead to an increase or decrease in motivation or
learners’ arousal. The amount and the direction (e.g., positive increase of motivation or
negative increase of extraneous cognitive load) can influence the uptake and implementation
of feedback. Since the internal learner-related influencing factors are activated at different
stages of the learning process, there is only one arrow from all learner-related factors to the
learning process as a whole. In this dissertation, the focus is on which underlying processes
are triggered by computer-based feedback and on whether conscious prior knowledge
induction influences the effect of computer-based feedback.

Opposite the internal factors are the external factors presented (at the top of Figure 2).
These are divided into context-related and feedback-related factors. Among the context-
related factors, orchestration refers to whether the practice phase with the feedback is
preceded by a learning phase (in which, for example, a strategy instruction is provided) or
whether the feedback is used as the only support strategy in the learning process. The
sequence refers to the point in time when the feedback is provided, either after a learning
phase, as in most practical cases, or at the beginning of the learning process (i.e. a practical
phase followed by a learning phase). The use of two arrows indicates that both context-

related factors refer to both the learning and the practice phases (see Figure 2). The feedback-
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related factors refer to the design of the feedback information (i.e., specificity or elaboration,
representation, and the level or complexity), which is why one arrow represents the direct
relationship between all feedback-related factors and the feedback element of the learning

Pprocess.

1.5 Goal and Research Questions

Learning can be a challenging process, especially in individual learning phases, but
feedback is considered an effective instructional strategy to support learning. Feedback is a
common term in modern teaching and learning research, but there are still many different
conceptualizations. At the same time, there exists a common ground in the educational field,
as specific core elements of the feedback process appear in almost all theoretical feedback
models. In this dissertation, feedback in general was defined as post-response information
following performance that is provided by an external agent (i.e., computer) on aspects of a
learners’ current performance and is intended to help the learner close the gap between the
current performance and the target performance based on success criteria (Hattie &
Timperley, 2007; Kluger & DeNisi, 1996; Lipnevich & Panadero, 2021; Narciss, 2008,
2013; Shute, 2008). As computer-based feedback is regarded as a helpful supplement in
teaching and individual learning situations, both in the classroom and in online environments
(e.g., Bangert-Drowns et al., 1991; Mertens et al., 2022; van der Kleij et al., 2015), several
feedback technologies and platforms or adaptive systems to provide teacher-mediated
automatic feedback have been developed over the years.

Although there exist some meta-analyses focusing mostly on the type of feedback or on
the impact of students’ prior knowledge, there is still a lack of meta-analytic evidence on the
use of computer-based feedback to foster learning. Furthermore, research on the
orchestration of computer-based feedback with further instructional strategies commonly

used in practice (e.g., prior strategy instruction) is altogether missing (see Fyfe & Rittle-
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Johnson, 2016; Shirah & Sidney, 2023 for expectations). The few existing studies that
examine at the orchestration of feedback focus mainly on the impact of prior knowledge.
Other potential student-related influencing factors (e.g., cognitive, metacognitive, or
affective-motivational processes), as well as feedback-related influencing factors, were not
examined.

Previous researchers assumed that one potential explanation for the inconsistent findings
regarding the effect of computer-based feedback might be the mediating impact of different
boundary conditions. Related evidence (e.g., Burkhart et al., 2020; Kuklick & Lindner, 2023;
Lachner et al., 2017a, 2017b; Mertens et al., 2022; Narciss, 2008, 2013; Patchan et al., 2016;
Strobl et al., 2019) indicated that there are various influencing factors that must be
considered during both provision and implementation of feedback to support learning. This
dissertation developed the theory driven CAFCALI model based on previous feedback
models. The CAFCALI model describes how feedback is embedded in the learning process
and how factors related to the feedback message (i.e., content, specificity, representation,
elaboration), the learner (i.e., prior knowledge, cognition, meta-cognition,
affection/motivation), and the context (i.e., orchestration, sequence) can have an impact on
the degree to which of computer-based feedback fosters learning. In previous research, only
some of these potential influencing factors were investigated. Thus, it is still an open
question under which conditions computer-based feedback is effective at increasing
students’ learning gain (e.g., by improving students’ writing quality or students’
performance in problem solving tasks).

Therefore, there is a need to take a multidimensional perspective considering the
“situational and individual characteristics of the instructional context and learner [...] along
with the nature and quality of a feedback message” (Shute, 2008, p. 176; see also Strobl et

al., 2019). In particular, it is important to examine the facets of feedback, learners, and
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instructional context, both separately and interactively (Narciss & Huth, 2004; Shute, 2008;
Strobl et al., 2019).

To address these needs, the overall aim of this dissertation was to investigate under which
boundary conditions computer-based feedback fosters learning in different subject domains.
This led to the overarching research question (RQ):

What are the factors that significantly influence the effect of computer-based feedback on

learning?

1.6 Overview of the Studies of this Dissertation

To answer the overarching RQ meaningfully, this dissertation comprises one theoretical
paper and two empirical papers containing one meta-analysis and three online experiments
that investigated the effects of computer-based feedback on learning in different subject
domains (i.e., explanatory writing; problem solving in physics) as well as explore and
manipulate several potential influencing factors (see Figure 3).

The first paper, “Feedback — Ja, klar?!” addressed the RQ by describing the potential of
computer-based feedback tools to support the learning process of students who are
developing their exploratory writing skills. Thereby, 1 focused on the feedback-related
boundary conditions (i.e., specificity, representation, complexity of content; see Figure 3).

Based on this conceptualization of feedback, I conducted a meta-analysis (Paper 2) that
addressed the RQ by examining the overall effect of computer-based feedback technologies
regarding supporting students’ expository writing, as well as explore the impact of potential
feedback- and learner-related influencing factors (see Figure 3) that were derived from
previous research on the implementation of computer-based feedback and identified as
possibly relevant in Paper 1.

Paper 3 presented three online experiments in which different experimental manipulations

were realized. In Experiments 1 and 2, I focused on the effectivity of corrective (Experiment
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1) and elaborated (Experiment 2) feedback on students’ physics learning (i.e., problem
solving in the context of Ohm’s law). Addressing the RQ, I focused on the orchestration of
computer-based feedback with strategy instruction in all three online experiments.
Furthermore, I investigated different feedback-related factors (i.e., elaboration, complexity
of content) and, again, learners’ prior knowledge as well as further learner-related
influencing factors (i.e., cognitive, metacognitive, and affective-motivational aspects). In
addition to orchestration, Experiment 3 also investigated another context-related factor:

sequence (see Figure 3).
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Figure 3

Assignment of the Studies into the CAFCALI Model
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More explicitly, Paper 1 aimed to conceptualize the potential of digital media, with a
focus on computer-based feedback. Based on a brief conceptual introduction to the
acquisition of writing skills that included reference to cognitive psychological processing
models, the paper discussed research-based potentials and both the risks of computer-based
feedback systems in writing acquisition and their use for fostering writing skills. Thereby,
potential influencing factors were identified, after which the paper presented evidence-based
tools for writing feedback. Finally, it concluded with a discussion of potential further
developments and research desiderata.

Paper 2 aimed to address these research desiderata. The aim of the meta-analysis was to
examine the effectiveness of formative computer-based feedback that is generated
automatically by a system to foster students’ writing quality in their first language, as well
as to analyze potential influencing factors. Thereby, I tested the potential influencing factors
with a focus on those related to feedback (named in Paper 1). Only studies with a pretest-
posttest design (k = 24 effects) or a pretest-posttest-control group design (k = 15 effects)
were included.

In Paper 3, the overarching aim was to explore the potential synergy- or interaction effects
of combining computer-based feedback with strategy instruction on student learning in the
domain of physics, as well as to rigorously examine the generalizability of these potential
combination effects. Therefore, I conducted three online experiments (N1 = 437, N2= 310,
N3 = 166). In order to identify internal determining factors, I examined the underlying
cognitive (i.e., mental effort, subjective difficulty), metacognitive (i.e., monitoring accuracy)
and affective-motivational (i.e., arousal) processes to explain additive versus reducing
effects of the combination of strategy instruction and computer-based feedback. Regarding
the external feedback-related factors, I varied the type of format by applying corrective
feedback in Experiment 1 and elaborated feedback in Experiment 2 with the aim of testing

the robustness of the effects I obtained in Experiment 1. Regarding the external context-
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related factors, I manipulated the sequence, (i.e., whether strategy instruction was followed
by feedback or vice versa) and investigated whether feedback was processed differently

depending on the timing.
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2 FEEDBACK - JA, KLAR?!

Wagner, S. & Lachner, A. (2021). Feedback — Ja, klar?! Digitale Medien zur Férderung

von Schreibkompetenzen. leseforum.ch, 3, 1-16.

This paper is not the copy of record and may not exactly replicate the final, authoritative

version of the article. The Version of Record of this manuscript has been published and is

available in the journal leseforum.ch in 2021.
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Abstract

Damit Schreibende verstindliche und elaborierte Texte verfassen konnen, miissen sie
distinkte Schreibstrategien entwickeln, welche oft hohe Anforderungen an diese stellen. Im
vorliegenden Beitrag wird vor diesem Hintergrund das Potenzial digitaler Medien zur
Forderung von Schreibstrategien diskutiert. Besonderer Fokus liegt hierbei auf der
Unterstiitzung von Revisionsprozessen mittels computerbasierten Feedbacks. Hierzu wird
zunichst eine forschungsbasierte Taxonomie vorgeschlagen, welche auf kognitions-
psychologischen Theorien des Schreiberwerbs beruht, anhand derer digitale
Feedbacktechnologien klassifiziert werden. Basierend auf dieser Taxonomie werden
exemplarisch drei Feedbacktechnologien vorgestellt. Potenzielle Entwicklungs- und

Forschungsdesiderate werden abschlieend diskutiert.

Schliisselworter

Schreiberwerb, Bildungstechnologie, computerbasiertes Feedback, digitale Medien,

Schreibforderung
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Einleitung

2.1 Einleitung

Um elaborierte und verstindliche Texte verfassen zu konnen, sollen Kinder und
Jugendliche nachhaltige Schreibkompetenzen entwickeln, so dass sie Schreibprodukte
(Textentwiirfe und fertige Texte) verfassen konnen, die komplexe und vielschichtige
Informationen beinhalten. Idealerweise sollten diese Texte so gestaltet sein, dass sie
adressatengerecht aufbereitet sind (Graham & Perin, 2007; Lachner et al., 2017a). Schreiben
stellt jedoch hohe Anforderungen; daher brauchen Kinder und Jugendliche aber auch
erwachsene Lernende instruktionale Unterstiitzung, um adiquate Schreibkompetenzen zu
entwickeln (Graham & Perin, 2007). Digitale Medien werden hierbei als zentrale
Moglichkeit sowohl in den Bildungswissenschaften als auch den Fachdidaktiken diskutiert,
um adaptive Unterstiitzungsmoglichkeiten zu bieten (Lachner & Scheiter, 2020). Das
Hauptaugenmerk medienbezogener Forschung lag bisher stark auf der Nutzung digitaler
Medien in den MINT-Fiichern (siche Yeung et al., 2021 als Uberblick). In diesem Beitrag
wollen wir daher Herausforderungen und Potenziale beziiglich der Nutzung digitaler Medien
fiir den Schreiberwerb als zentrale Facette des Sprachenunterrichts (Erstspracherwerb)
skizzieren. Nach einer kurzen konzeptuellen Einfilhrung zum Erwerb von
Schreibkompetenzen unter Bezugnahme kognitionspsychologischer Verarbeitungsmodelle
werden forschungsbasierte Potenziale und Risiken digitaler Medien beim Schreiberwerb
diskutiert. Hierbei wird der Fokus auf computerbasierte Riickmeldesysteme als Methode zur
Forderung von Schreibkompetenzen mit digitalen Medien gesetzt. Anschlieend werden
evidenzbasierte Tools zur Riickmeldung beim Schreiben vorgestellt. Auf Basis dieser
Vorstellung werden potenzielle Weiterentwicklungen sowie Forschungsdesiderate
diskutiert.

In diesem Beitrag nehmen wir nicht Bezug auf eine besondere Zielgruppe, da die Tools

in unterschiedlichen Bildungsbereichen (bspw. verschiedene Schultypen oder Universitéten)
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eingesetzt werden und wir hier allgemeine Aspekte ansprechen, die sich auch auf das Lernen

Erwachsener iibertragen lassen konnen.

2.2 Die Entwicklung von Schreibkompetenzen

Im folgenden Beitrag wird eine psychologische Perspektive auf Schreibkompetenzen
eingenommen. Daher werden unter Schreibkompetenzen die bei Lernenden verfiigbaren
kognitiven Ressourcen (d. h. Fertigkeiten und Wissen) verstanden, um bestimmte
Schreibprobleme zu 16sen sowie die damit verbundenen motivationalen, volitionalen und
sozialen Ressourcen, um die Problemldsungen in verschiedenen Situationen erfolgreich zu
nutzen (Becker-Mrotzek & Schindler, 2007; Ossner, 20006).

Aus kognitionspsychologischer Perspektive unterscheiden sich Schreibexpert*innen und
Noviz*innen jedoch nicht nur hinsichtlich ihrer verfiigbaren Ressourcen, sondern ebenfalls
dahingehend, welche Schreibstrategien sie (im Schreibprozess) beriicksichtigen. Nach dem
Modell von Hayes (2012) lassen sich auf Prozessebene idealerweise vier zyklisch
aufeinander bezogene Schreibprozesse unterscheiden (siehe Figure 4): Zundchst entwerfen
Schreibende einen Plan ihres Textes, welcher anschlieend in ein konzeptuelles Modell des
Textes iibersetzt wird. Dieses konzeptuelle Modell bildet die Grundlage fiir eine erste
Formulierung eines Entwurfs ihres Textes. AnschlieBend wird dieser Entwurf evaluiert.
Diese Evaluation kann anschliefend in eine weitere Revision des Textes miinden. Um diese
Schreibprozesse effektiv zu bewerkstelligen, ist auf kognitiver Ebene sowohl Inhaltswissen
(d. h. inhaltliches Wissen iiber das Thema), als auch Diskurswissen (d. h. rhetorisches
Wissen {iiber Schreibstrategien, um Wissen verstdndlich und kohésiv zu prisentieren)
erforderlich. Beide Wissensarten miissen dabei integriert werden (Becker-Mrotzek et al.,
2014; Bereiter & Scardamalia, 1987). Neben kognitiven Faktoren hingt die Qualitét der
jeweiligen Schreibprodukte und das kognitive Engagement der Schreibenden von den

motivational-volitionalen Voraussetzungen der Schreibenden ab (Azevedo, 2015;
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Duijnhouwer et al., 2012), sowie von kontextuellen Faktoren, die beispielsweise

unterschiedliche Affekte wéihrend des Schreibens evozieren (D’Mello & Graesser, 2012).

Figure 4

Kognitive und metakognitive Schreibprozesse, adaptiert nach Hayes (2012)
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Gleichzeitig verdeutlichen empirische Befunde, dass das Schreiben und die damit
einhergehenden kognitiven, motivationalen und affektiven Schreibprozesse hohe
Anforderungen an Schreibnoviz*innen stellen, denn Noviz*innen verfiigen noch nicht in
vollem Umfang {iber solche Schreibstrategien. So zeigen empirische Untersuchungen, dass
Noviz*innen weniger Zeit in die Planung investieren (Bryson et al., 1991; Flower et al.,
1992). Zudem tendieren Noviz*innen zu einem sogenannten Knowledge-Telling Bias, bei
dem sie alle verfiigbare Information aufschreiben, ohne die Zielgruppe und das Textmuster
zu beriicksichtigen (Kellogg, 2008). Diese Effekte verschirfen sich insbesondere dadurch,
dass Noviz*innen dazu tendieren, wenige Uberarbeitungen zu realisieren und, wenn
iiberhaupt, nur oberflichliche Uberarbeitungen, wie orthografische oder syntaktische
Anderungen vornehmen, die weniger die eigentliche Qualitit des Textes verbessern
(Chanquoy, 2009; Sturm, 2016; van Steendam et al., 2014). Vor diesem Hintergrund ist es

wichtig, didaktische Verfahren zu identifizieren, die insbesondere die Uberarbeitung beim
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Schreiben fokussieren. Auf dieser Grundlage wird Feedback als zentrale MaBinahme zur
Forderung von Revisionen diskutiert (Cho & MacArthur, 2010; Graham et al., 2015;

Kellogg & Whiteford, 2009; Lachner et al., 2017a).

2.3 Feedback zur Unterstiitzung von Revisionsprozessen

Feedback wird gemeinhin als Information bzgl. verschiedener Aspekte der Leistung von
Lernenden (in diesem Fall in Bezug auf die Schreibqualitit) verstanden und kann sowohl
zur Bewertung als auch zur Diagnostik oder Evaluation von Leistungen anhand
verschiedener Erfolgskriterien dienen (Hattie & Timperley, 2007; Kluger & DeNisi, 1996).
Hierbei wird formatives und summatives Feedback unterschieden.

Formatives Feedback wird (mehrmals) wiahrend des Schreibprozesses bereitgestellt und
kann sich auf den Textentwurf und auf die Entwicklung bzw. Verbesserung von
Schreibstrategien beziehen. Summatives Feedback wird erst am Ende des Schreibprozesses
auf das fertige Schreibprodukt gegeben. Das Feedback kann sowohl von Lehrpersonen als
auch von Peers oder systemgeneriert zur Verfiigung gestellt werden (MacArthur, 2015). Im
folgenden Beitrag wollen wir uns auf computerbasiertes formatives Feedback fokussieren,
da dieses leicht in individuellen Lernsettings eingesetzt werden kann. Nichtsdestotrotz
wollen wir hier auf die hohe Effektivitit von Peer-Feedback verweisen, da dieses nicht nur
Lernende unterstiitzen kann, die Feedback erhalten (Cho & MacArthur, 2010), sondern
insbesondere auch diejenigen, die Feedback geben (Cho & MacArthur, 2011). Idealerweise
konnen solche Peer-Feedbackansdtze auch auf kollaborative Schreibsettings erweitert
werden.

Ziel von Feedback ist es, Lernende dabei zu unterstiitzen, die Diskrepanz zwischen der
aktuellen Leistung (z. B. die Qualitéit des aktuellen Textentwurfs) und der zu erzielenden
Performanz (Ziele des Schreibprodukts) zu ermitteln und zu reduzieren (Stevenson &

Phakiti, 2014; Winne & Butler, 1994). Feedback resultiert dabei als potenzielle Konsequenz
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von Verhalten der Lernenden und kann als indirekte FordermaBnahme im Sinne von
Scaffolding angesehen werden (Hattie & Timperley, 2007).

Jiingere Metaanalysen stiitzen die angenommenen Potenziale formativen Feedbacks zur
Entwicklung der Schreibkompetenz. Beispielsweise fanden Graham et al. (2011) einen
mittleren bis groen Effekt von Feedback auf Schreibqualitit von d = 0.77 (im Vergleich zu
einer anderen Treatmentgruppe oder einer Gruppe, die kein Feedback erhielt), basierend auf
16 empirischen Studien. Obwohl Feedback als wichtige Methode zur Forderung von
Schreibkompetenz angesehen wird, spielt es bislang in (Hoch-)schulen in der Regel jedoch
eine eher untergeordnete Rolle. Dies mag darauf zuriickzufiihren sein, dass individuelles und
formatives, also mehrmaliges, Feedback zeitintensiv und aufwendig ist, und daher selten in
angewandten Kontexten realisiert werden kann. Alternativ wird hier die Rolle digitaler
Medien, insbesondere in individuellen Lernphasen (z. B. wdhrend der Erledigung von
Hausaufgaben), diskutiert. Digitale Medien ermdglichen, computervermittelte
Riickmeldung zu geben (bspw. indem Lehrpersonen oder Peers mithilfe des
computerbasierten Tools Feedback zu einem Schreibprodukt geben konnen) oder das
Feedback komplett von einem intelligenten System bereitstellen zu lassen, welches
Methoden der kiinstlichen Intelligenz (KI) und/oder Natural-Language-Processing-
Technologien (NLP) nutzt, um hierarchieniedrigere Uberarbeitungen des Textes bei
Noviz*innen anzuregen (Lachner et al., 2017a; Roscoe & McNamara, 2013; Wilson et al.,

2017).

2.4 Computerbasiertes Feedback mit digitalen Medien — eine
Methode zur Forderung der Schreibkompetenz von Lernenden

Computerbasierte Feedbacksysteme sind wichtige Anwendungen digitaler Medien, um
den Schreiberwerb von Lernenden zu fordern. Digitale Medien sind insbesondere geeignet,
um Riickmeldung iiber operationalisierbare Merkmale von Schreibprodukten ad-hoc zu

geben (z. B. Orthografie, Kohésion). Aus technologischer Perspektive scheint
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computerbasiertes Feedback sogar einen Vorteil gegeniiber menschlichen Rater*innen
(Bewerter*innen) zu bieten. Beispielsweise zeigen empirische Befunde, dass
Feedbacksysteme in der Lage sind, bei operationalisierbaren Merkmalen akkuratere
Riickmeldungen zu geben als menschliche Rater (siehe z. B. Burkhart et al., 2020). Dagegen
sind computerbasierte Systeme weniger in der Lage, Riickmeldung hinsichtlich
tiefergehender Merkmale von Texten zu geben (z. B. inhaltliche Addquatheit, Passung zum
Genre, siche Crossley & McNamara, 2011). Allerdings zeigen sich hier oft auch zwischen
menschlichen Ratern grofle Unterschiede.

Trotz dieser Potenziale bescheinigen metaanalytische Studien iiber die reine Nutzung
computerbasierten Feedbacks keine hohe Effektivitit. So fanden Graham et al. (2011)
lediglich kleine, nicht signifikante Effekte von computerbasiertem Feedback im Vergleich
zu Business-As-Usual-Interventionen in ihrer Metaanalyse. Diese Ergebnisse beruhten
allerdings auf der Zusammenfassung von vier sehr unterschiedlichen empirischen Studien
mit heterogenen Ergebnissen, was die statistische Aussagekraft der Ergebnisse insbesondere
beziiglich der Signifikanz des Effekts einschriankt. Aulerdem verdeutlichen die heterogenen
Befunde, dass computerbasiertes Feedback lediglich ein instruktionales Angebot darstellt,
welches von Lernenden genutzt wird. Neben Merkmalen des Feedbacks kommt es deshalb
insbesondere auf die kognitiven und motivationalen Voraussetzungen der Lernenden an, wie
grundlegende Forschung zu (computerbasiertem) Feedback (fachiibergreifend) nahelegt.
Beispielsweise untersuchten Fyfe und Rittle-Johnson (2016) den Einfluss von Vorwissen
und formativem Feedback auf das Probleml6sen von Schiiler*innen im Bereich elementarer
Mathematik. Die Autorinnen konnten zeigen, dass lediglich Schiiler*innen mit weniger
Vorwissen von dem Feedback profitierten. Fiir Schiiler*innen, die {iber viel Vorwissen hatte
die Zugabe von Feedback sogar negative Effekte auf den Lernerfolg. Im Bereich
akademischen Schreibens untersuchte Wischgoll (2017) den Zusammenhang von Feedback

und Strategieinstruktion, indem eine Gruppe keine Instruktion erhielt und sie bei zwei
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weiteren Gruppen Vorwissen durch die Instruktion einer Zusammenfassungsstrategie oder
einer Strukturierungsstrategie induzierte. Zusitzlich erhielt eine Hélfte der Studierenden
Feedback in Form von standardisierten Prompts, wihrend die andere Hélfte kein Feedback
erhielt.

Ahnlich wie Fyfe und Rittle-Johnson (2016) fand Wischgoll (2017), dass Studierende mit
induziertem Wissen nicht vom Feedback profitierten. Die Gruppe von Studierenden, die die
Kombination aus Kontrollinstruktion und standardisiertem Feedback erhielt, iibertraf
Studierende, die explizite Strukturierungsinstruktion und Feedback bekamen hinsichtlich
der Textqualitit bei akademischen Schreibaufgaben. Neben dem Vorwissen scheint
computerbasiertes Feedback auch von den subjektiven Uberzeugungen moderiert zu sein.
Im Kontext von Textverstehen variierten Golke et al. (2015) die Art des Feedbacks
(computer-mediiert versus personen-mediiert) bei Konstanthaltung der gegebenen
Feedbackinformation und verglichen dieses mit einer Kontrollgruppe, die kein Feedback
erhielt. Golke et al. (2015) konnten zeigen, dass Lernende, die personen-mediiertes
Feedback erhielten, die beiden anderen Bedingungen tiibertrafen. Entgegen der Erwartung
zeigten sich keine Unterschiede zwischen der computer-mediierten Feedbackbedingung und
der Kontrollgruppe. Diese Befunde verdeutlichen, dass die Effektivitit von Feedback zum
einen von den individuellen Eigenschaften und Uberzeugungen der Schreibenden
determiniert wird (siehe auch Kluger & DeNisi, 1996; Patchan et al., 2016), wobei diese
Forschung groftenteils noch im Kontext Schreiben repliziert werden sollte. Zum anderen
wird deutlich, dass neben dieser inter-individuellen Perspektive auch computerbasiertes
Feedback bestimmte Merkmale aufweisen sollte (sieche Kapitel 2.5 Dimensionen
computerbasierten Feedbacks), um distinkte Schreibstrategien zu fordern. Neuere Studien
berichten durchaus von lernforderlichen Ansitzen, anhand derer die Schreibkompetenz von

Lernenden durch computerbasiertes Feedback gesteigert werden kann (z. B. Graham et al.,
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2015; Lachner et al., 2017a; McNamara et al., 2015; Roscoe & McNamara, 2013).

Potenzielle Ursachen auf Feedbackebene werden im folgenden Kapitel diskutiert.

2.5 Dimensionen computerbasierten Feedbacks

Computerbasierte Feedbacksysteme konnen im Hinblick auf drei Hauptdimensionen
unterschieden werden: 1) die Dimension der Textqualitit (Worauf wird Feedback
gegeben?), 2) die Dimension der Feedbackreprisentationsform (Wie wird das Feedback
prasentiert?) und 3) die Spezifitit des Feedbacks (Auf welche Art und Weise wird Feedback

gegeben?).

2.5.1 Dimension der Textqualitit

Die Qualitdt eines Textes kann grob in eine hierarchieniedrigere und eine
hierarchiechohere Ebene eingeteilt werden (Chanquoy, 2009; Patchan et al., 2016; Strobl et
al.,  2019). Rickmeldung auf hierarchieniedrigerer = Textebene  fokussiert
Oberflichenmerkmale und betrifft beispielsweise Grammatik, Rechtschreibung, die
Textlinge oder die Wortanzahl des Schreibprodukts. Riickmeldungen auf der
hierarchieniedrigeren Textebene sind leicht zu beheben und daher einfach zu
implementieren. Gleichwohl haben diese einen nicht so starken Einfluss auf die Textqualitét,
da sie eher Oberflacheniiberarbeitungen adressieren und daher weniger substanzielle
Aspekte von Textqualitit tangieren (Patchan et al., 2016; Strobl et al., 2019). Im Gegensatz
dazu wird angenommen, dass Feedback auf hierarchiehoherer Textebene einen gréferen
Einfluss auf die Textqualitit hat (Patchan et al.,, 2016). Riickmeldungen auf
hierarchichoherer Textebene beziehen sich beispielsweise auf die Struktur und Organisation,
den Stil, die Gliederung oder die Kohésion des Schreibprodukts. Durch die Information tiber
substanzielle Aspekte eines aktuellen Schreibprodukts konnen Schreibende angeregt
werden, solche Revisionen zu realisieren, die die Textqualitdt nachhaltig verbessern. Die

Riickmeldung auf hierarchiehoherer Textebene ist insbesondere sinnvoll, da Lernende dazu
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tendieren, oberflichliche Korrekturen und Uberarbeitungen auf hierarchieniedrigerer Ebene
vorzunechmen (Hayes et al., 1987; Lachner et al., 2017a; Patchan et al., 2016) und

substanzielle Uberarbeitungen auszusparen.

2.5.2 Dimension der Reprisentation

Neben der Dimension der Textqualitdt lassen sich verschiedene Reprisentationsformen
unterscheiden. Als relativ einfaches Verfahren haben sich numerische Reprisentationen
herausgestellt, welche Feedbackinformation direkt in Form von Zahlen (Score, Note,
erreichte Punktezahl) wiedergeben (Kellogg et al., 2010; Roscoe, Brandon et al., 2013;
Wilson & Roscoe, 2020). Oft werden diese auch in Form von Diagrammen, Symbolen und
Ratingskalen wiedergegeben. Beide Verfahren eignen sich tendenziell eher als summative
Riickmeldung.

Neben diesen einfacheren Reprisentationsformaten gibt es zudem eingebettete Formate,
welche Feedbackinformation direkt innerhalb des Textes, bspw. durch Hervorhebungen
(Burkhart et al., 2020; Moore & MacArthur, 2016; Tsai et al., 2020), darstellen und dadurch
eine leichtere Integration des Feedbacks in die Schreibreprisentation ermoglichen. Diese
eingebetteten Formate eignen sich sehr gut fiir die formative Riickmeldung auf
Textentwiirfe. Neuere Ansétze erlauben zusétzlich piktorale Reprisentationen eines Textes,
in denen die Feedbackinformation bspw. als Graph repréisentiert wird, z. B. in Form einer
Concept Map (Kim, 2012; Lachner et al., 2017a, 2017b; O'Rourke et al., 2011; Pirnay-

Dummer & Ifenthaler, 2011; Villalon & Calvo, 2011).

2.5.3 Dimension der Spezifitit

Bei der Art und Weise, wie ausfiihrlich bzw. umfassend Feedback gegeben wird, kann
zwischen einer holistischen und einer analytischen Bewertung unterschieden werden. Im
Rahmen einer holistischen Riickmeldung wird das Schreibprodukt als Ganzes betrachtet.

Die Bewertung erfolgt anhand eines Gesamtindikators, der sich unter Umstdnden aus
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mehreren Teilaspekten von Textqualitdit zusammensetzt (vgl. Schipolowski & Bdohme,
2016). Wie aktuelle Forschung zeigt, ist insbesondere die Verwendung holistischer Scores
unter den computerbasierten Riickmeldesystemen verbreitet (Strobl et al., 2019). Allerdings
ist holistisches Feedback durch seine grofe Allgemeinheit oft fiir Lernende nur schwer
fassbar, was ggf. in eine geringere Implementation des Feedbacks in der Uberarbeitung
miindet (siche MacArthur, 2015; Roscoe & McNamara, 2013; Sturm, 2014, 2016). Die
Ergebnisse der Metaanalyse von Wisniewski et al. (2020) bestdtigen abermals, dass
Feedback effektiver ist, je mehr Informationen es enthédlt und dass allgemeines,
korrigierendes Feedback mit wenig Informationsgehalt kleine Effekte aufweist, wohingegen
ausfiihrlicheres bzw. spezifischeres Feedback (auf Aufgaben-, Prozess- und
Selbstregulationsebene) am effektivsten ist (Hattie & Timperley, 2007; Wisniewski et al.,
2020). Lachner et al. (2017a) verglichen in einer experimentellen Feldstudie
unterschiedliche Arten holistischen und spezifischen Feedbacks beziiglich der Textkohédrenz
der studentischen Schreibentwiirfe im Rahmen einer Vorlesung (N = 251). Die Autoren
konnten ebenfalls zeigen, dass es Schreibenden subjektiv schwerer fiel, holistisches
Feedback in ihrer Uberarbeitung zu implementieren. Der héhere Grad an subjektiv
wahrgenommener Schwierigkeit miindete insgesamt in eine niedrigere Schreibperformanz
(gemessen an dem Grad der Kohision). Die Befunde verdeutlichen, dass es zusitzlicher
Unterstiitzung bedarf, um holistische Feedbackverfahren zu verarbeiten und umzusetzen.
Hier konnten Leitfragen helfen, die Effektivitit von holistischem Feedback zu erhéhen
(siche McNamara et al., 2015, oder Roscoe & McNamara, 2013, fiir empirische
Umsetzungen anhand des Feedbacksystems Writing Pal). Im Gegensatz zu holistischer
Riickmeldung wird bei einem analytischen Beurteilungsverfahren spezifische Riickmeldung
auf verschiedene Kriterien des Schreibprodukts gegeben (Schipolowski & Bohme, 2016).
Durch solch ein kriteriengeleitetes Vorgehen ist eine differenziertere Betrachtung des

Schreibprodukts moglich und  Forderbedarfe  beziiglich der  verschiedenen
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Anforderungsbereiche der Schreibkompetenz werden ersichtlich. Durch diese Transparenz
konnen Lernende die Beurteilung ihres Textes nachvollziehen und die noch ausstehenden
Lernziele werden fiir die Lernenden konkreter fassbar. Dies ist vor allem fiir die
Uberarbeitung des Textentwurfs hilfreich. Ahnliche Befunde lieBen sich zum Beispiel auch
bei Peer-Feedback feststellen. Patchan et al. (2016) analysierten in ihrer Studie mehr als
7°500 Riickmeldungen von 351 Peers und setzten diese in Bezug zur Implementation und
Qualitiit der Uberarbeitung. Die Autor*innen konnten zeigen, dass Riickmeldungen leichter
implementiert werden konnten, wenn diese sich auf differenzierte Schwichen im Text
bezogen (vgl. auch Hattie & Timperley, 2007; Wisniewski et al., 2020). Die Qualitit der
Revision konnte insbesondere durch den Fokus auf substanzielle Kommentare gesteigert
werden. Die Befunde verdeutlichen, dass holistische Riickmeldung eher schwer von
Lernenden verarbeitet werden kann. Analytische Methoden dagegen scheinen dagegen fiir
formatives Feedback geeignet zu sein, da durch die Spezifizitit distinkte Revisionen beim
Schreiben angeregt werden kdnnen. Die Spezifizitdt kann hierbei noch optimiert werden,
beispielsweise durch die Zugabe von Hinweisreizen, die potenzielle Defizite lokalisieren

und Vorschlidge zur Verbesserung geben (Patchan et al., 2016).

2.6 Evidenzbasierte Feedbacksysteme zur Forderung von
Schreibkompetenzen

Im Folgenden werden drei in den letzten Jahren entwickelte Feedbacksysteme vorgestellt
(Criterion, Writing Pal, CohViz) und hinsichtlich der oben genannten Dimensionen
eingeordnet. Diese Feedbacksysteme wurden ausgewdhlt, da sie sich durch eine
systematische Begleitforschung auszeichnen und entsprechend Aussagen iiber die

Effektivitit erlauben.
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Table 1

Computerbasierte Feedbacksysteme im Vergleich hinsichtlich der postulierten

Hauptdimensionen
Tool Textebene Reprasen- Spezifitit Sonstiges
tationsform
Holistischer Lehrpersonen
Hauptsdchlich ~ Score auf einer Keine Lésunes- und Peers konnen
o auf hierarchie-  6-Punkte-Skala, . & auch Feedback
Criterion o . hinweise
niedriger der sich aus 6 Nicht lokalisiert geben und
Ebene Werten tehtlokalisie Kommentare
zusammensetzt hinterlassen.
Holistischer N LehrPersonen
R . Losungs- kénnen
. Hauptsédchlich ~ Score auf einer . ; . 1
Writing . . hinweise zusitzliche
auf hierarchie-  6-Punkte-Skala .
Pal vorhanden Informationen

hoherer Ebene

+ Leitfragen und

nicht lokalisiert

iber das System

Prompts bereit- stellen.

slelih Concepiap e~ L Ko
CohViz nglhleraé%hle- Leitfragen hinweise) moglichkeit fiir
OleTer BOene vorhanden Lehrpersonen

(Kohdsion) lokalisiert oder Peers.

2.6.1 Ciriterion

Criterion ist im anglo-amerikanischen Raum ein viel eingesetztes und evidenzbasiertes
Feedbackinstrument. Bei Criterion handelt es sich um ein webbasiertes e-rater-System,
welches von ETS, der grofiten privaten Organisation fiir Bildungstest und -messungen,
entwickelt wurde. E-rater-Systeme liefern diagnostisches Feedback anhand der e-rater
scoring engine, einer Anwendung des NLP, bei der englische Texte der Lernenden anhand
von Merkmalen mit Musteraufsdtzen, die von geschulten Leser*innen und Dozent*innen
bewertet wurden, verglichen werden. Auf dieser Grundlage gibt das System einen
holistischen Score aus, der den Lernenden als Leitfaden fiir die Uberarbeitung ihres Textes
dienen soll.

Der holistische Score, der die Gesamtqualitit des Textes widerspiegelt, setzt sich

zusammen aus sechs Werten auf jeweils einer Skala von eins bis vier oder eins bis sechs,
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wobei die Eins fiir den niedrigsten Wert steht. Die sechs Werte beziehen sich auf die
Bereiche Grammatik, Rechtschreibung, Mechanik, Gebrauch, Organisation und
Entwicklung des Textes. Da es sich bei Criterion um einen Onlineservice handelt, kann
dieses Feedbacksystem unter der Voraussetzung eines Internetanschlusses von iiberall
genutzt werden. Allerdings ist Criterion lizensiert und nur im Rahmen von formellen
Lernkontexten nutzbar, wenn Lehrpersonen iiber eine Lizenz verfiigen. Criterion kann in
allen Phasen des Schreibens sofortiges, automatisches Feedback bereitstellen, es bewertet
aber nicht den Inhalt, die Argumentationsstruktur oder die Kohédsion des zu bewertenden
Textes. Criterion ist demnach eher als Ergdnzung zur Anleitung und Riickmeldung von
Lehrpersonen geeignet und dient auch dazu, Lehrende zu entlasten und Unterrichtszeit zu
sparen, sodass die Lehrpersonen die Lernenden individuell beraten und unterstiitzen konnen.
Trotzdem setzt die lernwirksame Verwendung von Criterion eher motivierte Lernende und
gut informierte Lehrende voraus. Lehrpersonen konnen durch das Tool aber auch anders
unterstiitzt werden, indem sie Lernenden iiber den Service von Criterion Schreibstrategien
und Unterrichtsinhalte vermitteln, deren Aufsitze bewerten und mit ihnen direkt in Kontakt
treten konnen. Dabei konnen eigene Schreibaufgaben und Themen erstellt oder die
Criterion-Themenbibliothek verwendet werden. Es kdnnen aber nicht nur die Lehrpersonen,
sondern auch Peers (einzeln oder in Gruppen) oder das System selbst automatisiert Feedback
auf die von den Lernenden erstellten Textentwiirfe geben.

Im Vergleich zu menschlichen Bewerter*innen zeigte das Criterion-Bewertungssystem
sehr hohe Ubereinstimmungen (Chodorow et al., 2010). Dariiber hinaus konnte in mehreren
Studien die Wirksamkeit von Criterion dokumentiert werden. Lernende, die ihren Text mit
Criterion-Feedback iiberarbeitet haben, machten im Vergleich zur Kontrollgruppe ohne
Feedback signifikant weniger Fehler in ihren tiberarbeiteten Aufsdtzen und konnten dadurch
ihre Schreibergebnisse verbessern (Attali, 2004; Attali & Burstein, 2006; Chodorow et al.,

2010).
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Beispielsweise untersuchten Kellogg et al. (2010), ob sich die Schreibleistung von
Studierenden durch die Anwendung von Criterion-Feedback iiber drei Wochen verbesserte.
Im Rahmen der Studie wurden Studierende zufillig in eine von drei Gruppen eingeteilt und
schrieben in drei aufeinander folgenden Wochen jeweils einen Essay. Die erste Gruppe
erhielt lediglich zum zweiten Essay Riickmeldung, die zweite Gruppe bekam Feedback auf
alle drei Essays und eine dritte Gruppe erhielt als Wartekontrollgruppe Feedback erst nach
Beendigung der Studie. Nach einem Verzogerungsintervall von zwei Wochen wurde ein
Testtext ohne Feedback geschrieben, um den Lerntransfer zu beurteilen. Im Ergebnis zeigte
sich, dass Studierende aus der zweiten Gruppe, die Feedback zu jedem Essay erhalten hatten,
bessere Schreibprodukte produzierten als die Studienteilnehmer*innen aus den beiden
anderen Gruppen. Die Befunde illustrieren, dass die Kontinuitét des Feedbacks bedeutsam

ist, um die Effektivitit des Feedbacks zu verbessern.

2.6.2 Writing Pal

Writing Pal ist ein webbasiertes Software-Tool aus dem Bereich der intelligenten
Tutorensysteme (ITS) und wurde vom Science of Learning and Educational Technology
(SoLET) Lab an der Arizona State Universitit auf Basis nutzen-inspirierter
Grundlagenforschung entwickelt (Crossley et al., 2013; Roscoe, Brandon et al., 2013;
Roscoe & McNamara, 2013; Roscoe et al., 2015). Ziel von Writing Pal ist es, Lernenden
Strategieinstruktionen (z. B. anhand von Unterrichtsvideos) in Form eines
Gamificationansatzes (siche Bai et al., 2020, fiir einen Uberblick) zu vermitteln und ihnen
die Moglichkeit zu bieten, englischsprachige Aufsdtze automatisiert auf bestimmte
Textmerkmale hin (wie z. B. Kohision, Linge des Textes, Ausarbeitung oder Relevanz des
Themas) zu iiberpriifen. Im Hinblick auf die Ebene der Textqualitédt stellt Writing Pal
Feedback sowohl auf hierarchieniedriger (z. B. Textlinge, Wortanzahl) als auch auf

hierarchiehoherer Ebene (z. B. Kohision) bereit. Die ganzheitliche Qualitit der Aufsitze
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wird durch Algorithmen zur Verarbeitung natiirlicher Sprache (NLP) bewertet, die
lexikalische, syntaktische, semantische und rhetorische Merkmale des Schreibprodukts
beriicksichtigen (McNamara et al., 2013, 2015). Diese Algorithmen generieren dann einen
holistischen Gesamtscore der Textqualitit (6-Punkte-Skala). Um Revisionen anzuregen,
bietet Writing Pal zusétzlich adaptive Leitfragen, basierend auf dem Gesamtscore, und
Methoden zur Verbesserung des Textes (Roscoe & McNamara, 2013). Bei diesem
formativen Feedback wird der Fokus auf die hierarchie-hohere Textebene gelegt. Die
Lernenden erhalten bei jedem Textentwurf zunéchst Riickmeldung in Form einer Leitfrage
oder einer prompt-dhnlichen Empfehlung zu einem diagnostizierten Schreibproblem ihres
Schreibprodukts. AnschlieBend konnen die Lernenden ihren Textentwurf daraufhin
iberarbeiten und erneut Feedback zu dieser Textstelle bzw. diesem Schreibproblem erhalten
oder Feedback zu einem weiteren Thema anfordern. Neben Aufgaben, die durch das System
vorgeschlagen werden, haben Lehrpersonen ebenfalls die Moglichkeit, den Lernenden tiber
das System selbst Informationen bereitzustellen oder die Lernumgebung anzupassen. In
erster Linie ist das System nicht als Ersatz flir den Unterricht oder zum Erledigen der
Hausaufgaben gedacht. Stattdessen soll es durch gefiihrte Anleitungen ergénzend zum
Unterricht als Schreibiibung zur Verbesserung der Schreibfdhigkeiten dienen. Trotzdem
konnen Lernende Writing Pal auch explizit nutzen, um ihre Schreibfdhigkeiten in
bestimmten Bereichen der schriftlichen Textproduktion, in denen sie noch Schwierigkeiten
haben, anhand gezielter Aufgaben individuell zu {iben.

Writing Pal hat sich als sehr valides System erwiesen, da die systemgenerierten
Feedbackscores eine hohe Ubereinstimmung mit menschlichen Expert*innenratings
aufwiesen (McNamara et al., 2015). Dariiber hinaus konnte in zahlreichen (Ldngsschnitt-
)Studien (z. B. McNamara et al., 2015; Roscoe & McNamara, 2013; Roscoe et al., 2015)
gezeigt werden, dass Lernende mit Writing Pal ihre Schreibfdhigkeiten (im Laufe der Zeit)

verbessern. Zum Beispiel untersuchten Roscoe und McNamara (2013) den Einfluss von
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Writing Pal unter anderem auf die Essayqualitit von 141 US-amerikanischen
Zehntkldssler*innen in einem Unterrichtszeitraum von sechs Monaten. Alle Schiiler*innen
schrieben auf Basis vorgegebener Prompts Essays und hatten dann die Moglichkeit diese
mithilfe des Writing Pal-Feedbacks zu iiberarbeiten. Die Schiiler*innen konnten ihre
Schreibleistung wihrend der Nutzung signifikant verbessern. Allerdings ist offen, da das
Design keine Kontrollgruppe beriicksichtigte, ob diese Zuwéchse aufgrund einfacher
Zeiteffekte oder aus der Nutzung von Writing Pal resultierten. Zudem monierten die
teilnehmenden Lernenden, dass sie Schwierigkeiten mit der Allgemeingiiltigkeit bzw. der
Genauigkeit der im Feedback bereitgestellten Informationen hatten und es deshalb schwer

umzusetzen war (Roscoe & McNamara, 2013).

2.6.3 CohViz

CohViz  (https://github.com/ch-bu/cohviz)  basiert ebenfalls auf  aktuellen
computerlinguistischen Methoden und Visualisierungstechniken und nutzt NLP-
Technologien. Im Gegensatz zu den beiden oben genannten Systemen verfolgt CohViz
jedoch einen piktoralen Ansatz, indem es automatisch grafische Repridsentationen von
Texten in Form einer Concept Map generiert (siche Figure 5). CohViz eignet sich vorrangig
fiir tendenziell eher kurze Texte (< 300 Worter), wie z. B. Erklarungen oder Erérterungen.
Allerdings ist CohViz eines der wenigen Tools, das Riickmeldung sowohl auf deutsche als
auch auf englische Texte gibt. Hinsichtlich der Dimension der Textqualitét stellt CohViz
ausschlieBlich Feedback auf die Textkohésion (hierarchie-h6here Ebene) bereit. Kohdsion
wird in der Fachwelt unterschiedlich operationalisiert. Generell sind Kohésionsmittel
linguistische Mittel, um Textteile und Sinnzusammenhinge eines Textes zu verdeutlichen.
In diesem Beitrag definieren wir Kohision aus einer eher psychologischen Perspektive und
unterscheiden zwischen lokaler und globaler Kohésion. Lokale Kohdsion bezieht sich auf

die Satzebene eines Textes. Lokale Kohidsionsmittel werden zum Beispiel genutzt, um
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anhand von syntaktischen Verkniipfungen (z. B. Verwendung von Konnektiven) oder durch
semantische Verbindungen (z. B. Nutzung von Wortwiederholungen) inhaltliche
Sinnzusammenhinge zwischen benachbarten Sitzen herzustellen (McNamara et al., 2013).
Globale Kohédsion bezieht sich hingegen auf den iibergeordneten Sinnzusammenhang
zwischen einzelnen Textteilen und dem Gesamttext. Zu den globalen Kohédsionsmitteln
gehort beispielsweise die Einteilung des Textes in Absédtze und der Einsatz von
Uberschriften, sowie die Beriicksichtigung der rhetorischen und logisch-semantischen
Struktur des jeweiligen Textgenres (z. B. Einfiihrung zentraler Konzepte zu Beginn einer
Erkldrung; Lachner et al., 2017b). CohViz gibt sowohl Feedback im Hinblick auf die lokale
als auch auf die globale Kohésion. Die Knoten in der Concept Map visualisieren die
einzelnen Konzepte eines Textes (globale Kohdsion); die Pfeile bezeichnen die
semantischen Verbindungen zwischen den Konzepten (lokale Kohésion).

In einer breit angelegten Validierungsstudie mit einem Textkorpus von tiber 1’000 Texten
aus der deutschen Wikipedia-Datenbank konnten hohe Ubereinstimmungen sowohl mit
menschlichen Ratern als auch etablierten Mallen (z. B. Argumentiiberlappung) gezeigt
werden (Burkhart et al., 2020). Im Gegensatz zu Criterion und Writing-Pal gibt CohViz
keine direktive Riickmeldung in Form von Verbesserungsvorschligen, sondern soll
Studierende durch die Visualisierung der Diskursstruktur und der inhaltlichen Bedeutung
der eigenen Erklarung fiir distinkte strukturelle und semantische Merkmale (bspw. lokale
Kohision, globale Kohésion, inhaltliche Adéquatheit) sensibilisieren und anregen, tiber
bestimmte inhaltliche und diskursive Probleme ihrer Schreibprodukte nachzudenken. Diese
Reflexionsprozesse werden mit Hilfe didaktischer Leitfragen (Prompts) verstdrkt, welche
kurze Aufforderungen enthalten, wie die Concept Map zur Verbesserung der eigenen

Erklarung genutzt werden sollte (siehe Figure 5).
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Figure 5

Evidenzbasierte Feedbacksysteme zur Forderung von Schreibkompetenzen

Beispiel einer in CohViz generierten Concept Map zum Thema Osmose

Fiir deine Uberarbeitung erhiltst du im Folgenden eine Concept Map deines Textes. Diese Concept
Map stellt eine grafische Visualisierung deiner Erklarung dar: Die zentralen Konzepte deiner Erklarung
werden als Kreis dargestellt und deren Verbindungen als Pfeile. Konzepte, die keine Verbindungen zu
den restlichen Aussagen haben stellen lokale Kohasionsbriiche dar.
Uberpriife die globale Kohision deiner Erklirung:
1. Wurde ausreichend fiir die Lesenden in das Thema eingefihrt?
2. Sind alle wichtigen Konzepte und Mechanismen des Phanomens fir die Lesenden erklart?
3. Wurde das Phdnomen hinreichend fir die Lesenden durch Beispiele illustriert?
Uberpriife die lokale Kohision deiner Erklirung:
1.  Wie konnen die dargestellten lokale Kohasionsbriiche geschlossen werden, um die
Verstandlichkeit fur die Lesenden zu erhéhen?
2. Sind zwischen den Satzen ausreichend Uberleitungen fiir die Lesenden gegeben?
3. Kannvon den Lesenden leicht eine Verbindung zwischen den Satzen der Erklarung
hergestellt werden?

Als Osmose wird in den Naturwissenschaften der @ @°E™
gerichtete Fluss von molekularen Teilchen durch eine
selektiv- oder semipermeable Trennschicht

hrhundert
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Anmerkung. Oben befindet sich die Instruktion inklusive Prompts. Links unten ist der

Erklartextentwurf. Rechts unten befindet sich die dazugehorige Concept Map.

Kohisionsbriiche werden sichtbar durch unverbundene Fragmente der Concept Map, die

unterschiedlich farblich dargestellt werden.

CohViz wurde bisher anhand mehrerer experimenteller Studien validiert. Die Effektivitat

konnte in mehreren Studien dokumentiert werden, da Studierende, die CohViz-Feedback

erhielten, kohédsivere und insgesamt verstdndlichere Erklarungen generierten (Burkhart et

al., 2020; Lachner et al., 2017a, 2017b; Lachner & Neuburg, 2019). Eine Analyse der

zugrundeliegenden Prozesse mittels Laut-Denken-Protokollen und Eyetracking zeigte, dass

die Analyse der Concept Maps bei Studierenden insbesondere Integrationsprozesse

zwischen dem eigenen Text und der Concept Map forderte und sie dahingehend anregte,

tiber die globale Struktur ihrer Erkldrung nachzudenken und geeignete lokale und globale
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Kohésionsstrategien zu planen, um diese Kohdsionsdefizite zu schlieBen. Weitere Forschung
ist jedoch noch nétig, um solche Tools fiir laingere Textsorten zu adaptieren.

Im Gegensatz zu CohVz, dass piktorales Feedback fiir englische und deutsche Texte
generiert, sind Criterion und Writing Pal beide fiir den englischsprachigen Raum entwickelt
worden und stellen Feedback in Form eines holistischen Scores bereit. Aktuelle Studien
zeigen jedoch, diese Art der Feedbackrepriasentation nur wenig verwertbare Informationen
fiir die Lernenden zur Verfiigung stellt und das Feedback deshalb schwerer umsetzbar ist
(MacArthur, 2015; Roscoe & McNamara, 2013; Sturm, 2016; Wisniewski et al., 2020).
Deshalb sollten zusétzlich zu einem holistischen Score weitere Informationen zur Revision
der Textentwiirfe bereitgestellt werden. AuBlerdem konnten zusétzliche Leitfragen und
Losungshinweise (wie z. B. bei Writing Pal oder CohViz) und die Lokalisierung der
Riickmeldungen (in CohViz mdglich) die Umsetzung des Feedbacks fiir die Lernenden
unterstiitzen. Des Weiteren ist beim Einsatz der Tools zu beachten, welche Voraussetzungen
die Lernenden mitbringen miissen, um effektiv damit arbeiten zu koénnen (z. B.
selbstregulierte Interpretation des Feedbacks bei CohViz). Grundsitzlich erwiesen Criterion,
Writing Pal und CohViz hohe Ubereinstimmungen mit menschlichen Rater*innen (Burkhart
et al., 2020; Chodorow et al., 2010; McNamara et al., 2015), was fiir eine hohe Validitit der
Technologien spricht. Gleichzeitig zeigten alle Technologien eine relative Wirksamkeit, um
Schreibstrategien zu fordern (z. B. Attali & Burstein, 2006; Burkhart et al., 2020; Chodorow
etal.,2010; Lachner etal., 2017a,2017b; Lachner & Neuburg, 2019; McNamara et al., 2015;
Roscoe, Brandon et al., 2013). Insgesamt ist beim Einsatz computerbasierter Technologien
zu beachten, dass diese nicht als Ersatz fiir den Unterricht, sondern als Ergénzung zu
Unterricht oder Riickmeldungen von Lehrpersonen gesehen werden sollten. Eine weitere
Empfehlung, die die Studien zu den genannten Tools gemein haben ist, dass ein
kontinuierlicher Einsatz der Tools empfohlen wird. Denn oft zeigen sich insbesondere iiber

einige Wochen der Toolnutzung hinweg positive Effekte auf die Textqualitit und die
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Verbesserung der Schreibkompetenz der Lernenden (Kellogg et al., 2010; Roscoe &
McNamara, 2013).

Wenn Lehrpersonen digitale Medien in Form von computerbasierten Feedbacktools in
ithrem Schreibunterricht einsetzen wollen, sollten sie sich an folgenden Leitfragen
orientieren (basierend auf den Feedbackdimensionen aus Kapitel 2.5):

e Welchen Zweck soll das Tool erfiillen?

e Aufwelche Textebene soll sich das Feedback beziehen (niedrige oder hohe Ebene
oderbeides)?

e Wie spezifisch soll die Riickmeldung fiir die Lernenden sein? Davon ist meist
auch die Reprasentationsform abhingig. Also, wie soll das Feedback dargestellt
werden (nur holistischer Score, piktoral oder eine Kombination verschiedener
Repréisentationsformen)?

e In Abhéngigkeit von der Reprasentationsform stellt sich die Frage, ob zusitzliche
Kompetenzen (z. B. Selbstregulation) von den Lernenden vorausgesetzt werden?

e Soll das Tool im Rahmen des Unterrichts interaktiv (z. B. in Form von
Kommentaren der Peers und der Lehrperson) als Ergdnzung zu den Anleitungen
und zur Entlastung der Lehrperson verwendet werden (wie z. B. bei Criterion und
Writing Pal)?

e Oder soll das Tool eine Moglichkeit bieten, Schreibstrategien nicht nur zu
erlernen und zu iiben, sondern auch zu vermitteln (wie z. B. bei Writing Pal
anhand von Strategieinstruktionen in Form von Unterrichtsvideos und
Gamificationelementen)?

e Je nach Lizenz und Verfiigbarkeit kann das Tool auch eher zu Ubungszwecken
verwendet werden (wie z. B. CohViz oder Writing Pal).

Wie sich exemplarisch an den drei vorgestellten Tools Criterion, Writing Pal und CohViz
zeigt, existieren bereits sehr wirksame Tools, um Lehrpersonen in ihrem Schreibunterricht
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zu unterstlitzen und Lernende bei der Verbesserung ihrer Schreibkompetenzen und der
Qualitdt ihrer Textentwiirfe zu fordern. Nichtsdestotrotz zeigt die Beantwortung der
Leitfragen und die Beschreibung der Tools, dass es bisher auch kein Tool gibt, das alle
Anforderungen gleichermaflen erfiillt. Demnach ist die weitere Entwicklung und

Erforschung von (neuen) computerbasierten Feedbacktools weiterhin von Noten.

2.7 Forschungsdesiderate und weitere Entwicklung

In diesem Beitrag wurde der Versuch unternommen, das Potenzial digitaler Medien mit
Fokus auf computerbasiertem Feedback zu konzeptualisieren. Hierzu wurden drei
verschiedene forschungsbasierte Feedbacksysteme basierend auf den Dimensionen der
Textqualitdt, der Reprisentationsform und der Spezifitit des Feedbacks vorgestellt. Die
exemplarischen Feedbacksysteme illustrieren, dass computerbasiertes Feedback durchaus
eine effektive und evidenzbasierte Methode sein kann, um Lernende in den verschiedenen
Phasen des Schreibprozesses (Planung, Entwurf und Revision) zu unterstiitzen. Aus
technologischer Perspektive sind jedoch die Entwicklung und Erforschung weiterer Tools
notig, um insbesondere Feedback auf hierarchiehdherer Ebene bereitzustellen. Hierzu
konnten neuere Ansidtze der kiinstlichen Intelligenz (z. B. in den Bereichen Learning
Analytics, Machine Learning oder Educational Data Mining) helfen, um solche
Feedbacksysteme zu optimieren. Dariiber hinaus wire die Entwicklung von weiteren Tools
wiinschenswert, die auch andere Sprachen auBler Englisch unterstiitzen. Neben diesen
technologischen Entwicklungen ist insbesondere weitere Forschung zu den
Implementationskontexten erforderlich. Bisher existieren hauptséchlich Machbarkeits-,
Effektivitits- sowie Validierungsstudien. Auf dieser Grundlage lassen sich jedoch so gut wie
keine direkten Schliisse auf die Anwendung in der Unterrichtspraxis und die langfristige
Effektivitdt der Systeme ziehen. Eine stirkere Integration in den Unterricht und eine

Orchestrierung von Feedbacksystemen mit anderen Lehr- und Lernmethoden ist daher
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wiinschenswert (Strobl et al., 2019). Aus methodischer Perspektive wiren zudem
randomisierte, kontrollierte Feldstudien (randomized controlled field trials) ein fruchtbarer
Ansatz, um empirische Nachweise iiber die Effektivitit von Feedbacksystemen im Feld zu
generieren (siche Meurers et al., 2019 fiir den Zweitspracherwerb). Idealerweise sollten diese
insbesondere Verldufe des Feedbackeinsatzes dokumentieren, da der Einsatz digitaler
Medien oft sogenannten Neuigkeitseffekten unterliegt (Clark, 1983) oder Wirksamkeit erst
durch mehrmalige Nutzung resultiert (Kellogg et al., 2010). Eine Kombination beider
Ansdtze kann somit zur Entwicklung evidenzbasierter Feedbacksysteme beitragen und

angehenden Schreibenden helfen, genuine Schreibkompetenzen zu erwerben
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Abstract
Abstract
Feedback is a beneficial instructional strategy to improve students’ writing. To this end,
computer-based feedback technologies are discussed as promising supplements in addition
to instructor feedback. Several computer-based feedback approaches have been developed.
However, to date, if and under which conditions computer-based feedback can be effective
is unclear. We conducted a meta-analysis to investigate the effectiveness of computer-based
feedback on writing quality, and to explore its boundary conditions (k = 24 studies with pre-
posttest design; k£ = 15 studies with pretest-posttest-control group design). The results
suggest that computer-based feedback contributed to writing quality with a small to medium
effect (g = .53), but only for studies with pretest-posttest design. For studies with pretest-
posttest-control group design, the effect (g = .27) was not significant. Moderator analyses
revealed that firstly text level was a significant moderator: Computer-based feedback was
only effective for enhancing surface features of the text (e.g., grammar, spelling), as such
feedback was likely easier to implement. Secondly, feedback specificity was a strong
moderator as specific computer-based feedback improved students’ text quality more than
generic feedback. The results highlight the need for the development of sophisticated
technologies to provide students with high-level feedback and subsequently scaffold their

expository writing.

Keywords: computer-based feedback, writing quality, meta-analysis, technology-

enhanced learning and instruction
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Introduction

3.1 Introduction

Writing comprehensible and elaborated expository texts is regarded as a key 21%-century
skill (Concha & Paratore, 2010; Geiser & Studley, 2001; Lachner et al., 2017a; Powell, 2009;
Sharp, 2016). When producing comprehensible texts, students need to iteratively plan,
execute, and revise their writing (e.g., Hayes & Flower, 1986; Kellogg & Whiteford, 2009),
which puts high demands on students. Feedback has been demonstrated as a beneficial
instructional strategy to particularly support students’ writing processes, as it enhances
processes of monitoring and regulation (Graham et al., 2015; Kellogg & Raulerson, 2007;
Kieft et al., 2008; Philipp, 2017; Roscoe & McNamara, 2013). Although feedback has been
demonstrated to be effective, it is regarded to be rather time-consuming and laborious
(Brindle et al., 2016; Graham, 2019; Graham & Herbert, 2011). To this end, computer-based
feedback has been discussed as a potential supplement to support students’ writing (Kellogg
& Whiteford, 2009; Roscoe & McNamara, 2013; Strobl et al., 2019). To date, several
feedback technologies have been developed. However, meta-analytic evidence is missing,
that allows to draw conclusions regarding whether and under what conditions computer-
based feedback is generally effective for enhancing students’ writing.

To close this research gap, we conducted a meta-analysis to 1) estimate the overall
effectiveness of computer-based feedback in the context of expository writing, 2) as well as
examining potential boundary conditions. Therefore, we particularly focused on boundary
conditions which may have resulted from system-related design aspects of the computer-
based feedback (i.e., the specificity, the format of representation, or the type of text level
that was addressed within the feedback), as well as individual boundary conditions, based

on students’ prerequisites (i.e., prior knowledge).

72



Expository Writing

3.2 Expository Writing

Writing can be regarded as a self-regulated process (e.g., Harris et al., 2008; Hayes, 2012;
Hayes & Flower, 1986; Philipp, 2014). Hayes (2012) proposed three different self-regulation
levels which constitute effective writing: (1) The control level comprises a writer’s
motivation including the goals and plans of the subsequent writing process and the product,
as well as her or his rhetorical and content-related prior knowledge (Becker-Mrotzek et al.,
2014; Bereiter & Scardamalia, 1987). (2) The process level comprises different sub-
processes to achieve the writing goals: First, a writer proposes a writing plan, translates the
proposed ideas into propositions and subsequently transcribes them into a written draft
(Hayes & Olinghouse, 2015). Based on the draft the writer ideally iteratively monitors and
revises the draft to create a final writing product which ideally attains the previously set
writing goals. (3) The resource level consists of generic resources, such as attention, working
memory resources, and pre-requisite skills, such as reading.

The model by Hayes (2012) illustrates that writing is a complex task, requiring assistance
during early stages of writing (Becker-Mrotzek et al., 2014; Bereiter & Scardamalia, 1987;
Flower & Hayes, 1980; Hayes & Flower, 1986; Kellogg & Whiteford, 2009). The need for
additional support, particularly holds true for revision processes, as seminal studies indicated
that — compared to experienced writers — novice writers less frequently engage in revision
activities that tackle substantive aspects of their writing (see Chanquoy, 2009; Cho &

MacArthur, 2010; Lachner et al., 2017b; MacArthur & Graham, 2016; Roscoe et al., 2016).

3.3 Feedback to Support Revision Processes

Formative feedback is one of the most effective strategies for stimulating students’
revision activities and enhance writing quality (Graham et al., 2015; Philipp, 2017).
Commonly, formative feedback is understood as information about distinct aspects of a

learner’s current performance (e.g., writing quality). The goal of feedback is to provide
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information to help the recipient reduce discrepancies between the actual and the targeted
performance (Hattie & Timperley, 2007; Narciss, 2008; Stevenson & Phakiti, 2014; Winne
& Butler, 1994). Formative feedback, thus, not only includes assessment aspects, but also
information on how to regulate the further learning process and improve their current
performance (i.e., quality of the writing product) regarding assessment criteria (Butler &
Winne, 1995; Narciss, 2008).

Recent meta-analyses showed that formative feedback can support students in developing
their writing skills. For example, Graham et al. (2015) examined effects of generic formative
assessment and feedback on children’s (kindergarten to grade 8) writing quality based on 16
empirical studies. The authors obtained a medium to large effect (d = 0.77) of formative
feedback on writing quality compared to another treatment condition or a control group that
did not receive feedback (see also Wisniewski et al., 2020, for related findings on the general

effectiveness of feedback).

3.4 Computer-Based Feedback — A Feasible Approach to Foster
Expository Writing?

Given that formative feedback is often regarded as time-consuming and laborious, several
computer-based feedback technologies have been proposed as a supplement to instructor
feedback (e.g., Allen et al., 2016; Kellogg & Whiteford, 2009; Roscoe & McNamara, 2013).
For instance, automated writing evaluation systems (AWE), such as Criterion, use natural
language processing (NLP) technologies, to provide feedback to students and initiate distinct
revision activities (Dikli, 2006; Shermis & Burstein, 2003; Wilson & Roscoe, 2020; see also
Lachner et al., 2017a; Roscoe & McNamara, 2013, for other examples of tools using NLP).
AWE-systems, therefore, synthesize feedback on several dimensions, ranging from low-
level features, such as grammar or spelling to high-level features, such as the cohesion or
the complexity of a text. In most cases, the AWE system generates a holistic score across

these dimensions, which is then automatically provided as feedback to the learner. This
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feedback is represented in different formats, such as numeric, text-based, or graph-based
information.

Similarly, other feedback systems, for instance, Intelligent Tutoring Systems (ITS; e.g.,
Summary Street, Writing Pal) use algorithms which compare students’ drafts with writing
samples which were assessed by writing experts. ITS also combine different representation
formats of feedback, e.g., written comments/text-based feedback and additional scores when
providing feedback to learners. Yet, other feedback tools (e.g., CohViz) use graphical
approaches, based on network analysis and decision trees to provide graphical feedback
regarding the cohesion of students’ texts (Burkhart et al., 2020).

Strobl et al. (2019) conducted a systematic review to map the research landscape on
computer-based feedback tools for writing support. The authors showed that there is a wide
variety of existing tools that differ in terms of system-related aspects of the feedback (e.g.,
specificity of the provided information or the targeted text level), but also regarding the
learner-related settings (e.g., knowledge level, educational level), in which the feedback was
implemented. Most of the other previous research syntheses investigating computer-based
feedback on writing focused exclusively on AWE systems. For instance, Nunes et al. (2021)
and Fleckenstein, Reble et al. (2023) conducted systematic reviews on AWE feedback and
identified potential influencing factors (e.g., role of teachers, integration of AWE systems in
instructional programs) and research gaps (e.g., lack of studies with experimental control
group designs, little consideration of individual learner-related influencing factors).
However, they were not able to quantify the effect of AWE feedback on writing.

To this end, however, meta-analytical evidence regarding the effectiveness of computer-
based feedback in the context of writing quality is scarce. Initial evidence can be found in
the subgroup analyses of the meta-analysis by Graham et al. (2015). In this subgroup
analysis, the authors synthesized the effects of computer-based feedback approaches on

writing quality, based on k& = 4 studies. The authors obtained a small to medium (d = .38,
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95% CI [.17, .59]) significant effect with a large heterogeneity. The restricted number of
included studies, however, requires a careful interpretation of the findings. Furthermore,
these studies differed from those which were included in the meta-analytic report by Graham
et al. (2011). The overall effect over the studies (k = 4) in Graham et al. (2011) was not
significant, indicating that the effect of computer-based feedback is not robust and further
research is needed.

More recently, Fleckenstein, Liebenow and Meyer (2023), Ngo et al. (2022), and Zhai
and Ma (2022) performed meta-analyses to further examine the effectiveness of AWE
systems. Each of these meta-analyses revealed moderate to large (g = 0.55 to g = 0.86)
positive effects of AWE feedback on learners’ overall writing quality. However, besides the
fact that these meta-analyses focused only on AWE tools, all of them showed a large
heterogeneity across the studies (e.g., writing in first and second language with different
emphases), making interpretation of the data difficult. Fleckenstein, Liebenow and Meyer
(2023) found some significant moderators of the feedback effect (e.g., educational level,
language, time). However, these moderator variables were more related to the intervention
itself or the context. To date, it is still unclear what the feedback- and learner-related
boundary conditions of computer-based feedback in general (not exclusively AWE systems)
are and what factors might explain the heterogeneity found in all of the previous research

syntheses.

3.5 Potential Boundary Conditions of Computer-Based Feedback

Based on previous theoretical considerations, it can be argued that the effectiveness of
computer-based feedback may depend on distinct system-related, but also learner-related
boundary conditions (see Panadero & Lipnevich, 2022; Shute, 2008; Wisniewski et al.,
2020; for characteristics of feedback in general; see Fleckenstein, Liebenow, & Meyer, 2023;

Kluger & DeNisi, 1996; Narciss, 2008; Ngo et al., 2022; Patchan et al., 2016; Strobl et al.,
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2019, in particular for characteristics of computer-based feedback). In the current meta-
analysis, we considered four influential factors which sought to impact the effectiveness of
computer-based feedback to improve students’ writing quality: specificity of feedback,
representation of feedback, text level on which feedback was provided, and writers’

individual prior knowledge.

3.5.1 Does the Specificity of Feedback Matter?

Computer-based feedback technologies may have the potential to provide specific
information to enhance writing quality (Goodman et al., 2004). Specificity of feedback refers
to the level of detail of the feedback information (Goodman et al., 2004; Patchan et al., 2016).

Previous research has shown that specific feedback contributes to enhancements of
writing quality (Hattie & Timperley, 2007; Shute, 2008; but also, Wisniewski et al., 2020).
To this end generic feedback is perceived as less easy to be implemented and thus may result
in lower quality gains (Kluger & DeNisi, 1996; Patchan et al., 2016; Shute, 2008). For
instance, Lachner et al. (2017a), compared effects of generic versus specific computer-based
feedback on the cohesion of university students’ expository texts. They varied the type of
feedback (specific concept map feedback vs. specific outline feedback vs. general feedback)
and examined its effect on the local and global cohesion of student revisions. The results
showed that writers perceived generic feedback as more difficult than specific feedback.
Specific feedback also contributed to writing performance (as measured by the level of local

cohesion).

3.5.2 Does the Representation Format of Feedback Matter?

Previous computer-based feedback technologies not only differed regarding the
specificity of the feedback implementation, but also regarding to the utilized representation.
Numerical representations provide information in the form of numbers (e.g., overall scores,

grades, percentages, or points achieved; Kellogg et al., 2010; Roscoe, Brandon et al., 2013;
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Wilson & Roscoe, 2020). Numerical feedback is often visualized in the form of charts,
diagrams, and rating scales. Additionally, there are rather complex embedded formats that
represent feedback information directly within the text, for example, by signaling, markings,
or highlighting (Burkhart et al., 2020; Moore & MacArthur, 2016; Tsai et al., 2020),
allowing for easier integration of feedback into the draft. More recent approaches
additionally allow for pictorial representations of a text in which the feedback information
is represented, for example, as a graph, in form of a concept map, or using symbols (Lachner
et al., 2017a, 2017b; O’Rourke et al., 2011; Pirnay-Dummer & Ifenthaler, 2011; Villalon &
Calvo, 2011). However, it is still unclear which representation format is best suitable for
providing computer-based feedback to support learners in revising their texts and to enhance
their writing quality effectively. In our meta-analysis, we were interested in exploring if it
makes a difference how the computer-based feedback is presented. Furthermore, we were
interested in whether the combination of multiple representations would additionally
contribute to writing quality than mono-representational formats (e.g., Ainsworth, 2006) as
different representations can complement, constrain, or relate to each other, enhancing
students to process their revisions more deeply and gain a deeper understanding of the
feedback (cf. Ainsworth, 2006; Scaife & Rogers, 1996).

For instance, in their experiment, Burkhart et al. (2020) compared effects of different
versions of computer-based feedback on writing quality. In two conditions, students received
concept map feedback which highlighted cohesion gaps of their texts in addition to their text
representation. An amended version, additionally, explicitly signaled text-picture relations
between the students’ draft and the concept map feedback. The contiguous feedback
condition directly highlighted the cohesion gaps within the text representation (i.e., mono-
representation), whereas in the no-feedback condition, students did not receive any feedback.
The authors found benefits of the mono-representation for enhancing the local cohesion of a

text. The amended multiple representation format (concept map and text representation) had
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benefits regarding global cohesion. These findings suggest that mono- versus multiple

representational feedback differently contributed to students’ writing quality.

3.5.3 Does it Matter on Which Level of Text Quality Feedback is
Provided?

Besides the design of computer-based feedback, particularly the level of text quality, that
is the type of information, which is provided, is considered to be important to enhance
students’ writing quality (Patchan et al., 2016). Feedback on a lower hierarchical level (also
called micro-level or low-level feedback; Strobl et al., 2019) focuses on surface features of
the text and refers, for example, to grammar, spelling, text length, or word count. Feedback
on a higher hierarchical level (also called macro-level or high-level feedback; cf. Strobl et
al., 2019) refers to the organization and structure, the style, or the cohesion of the text.
Commonly, it is assumed that improvements of writing quality may particularly emerge,
when higher level feedback is provided (Chanquoy, 2009; Patchan et al., 2016). For instance,
Patchan et al. (2016) analyzed the effects of the text-level of computer-mediated peer-
comments on writing quality. The authors found that only higher-level comments
contributed to writing quality. Given that most computer-based feedback systems rather
provide information on a lower text level (see Strobl et al., 2019), it is an open issue, whether

the text level may account for writing quality in the context of computer-based feedback.

3.5.4 Does Students’ Prior Knowledge Matter?

Additionally, the level of students’ prior knowledge may affect the effectiveness of
computer-based feedback. Such effects are often explained against the expertise-reversal
effect, which postulates that the effectiveness of instructional interventions, such as feedback
may depend on the level of prior knowledge (Bromme et al., 2004; Kalyuga, 2007; Kalyuga
et al., 2003; Nihalani et al., 2011). Whereas low prior-knowledge students may require

additional assistance during learning, instructional support may have negative consequences
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for more experienced students due to redundant processing of information (Ngo et al., 2022;
Richter et al., 2016).

For instance, Fyfe and Rittle-Johnson (2016) gave elementary students strategy
instruction about solving mathematical equivalence problems or not to experimentally
induce students’ prior knowledge. Afterwards, in a practice phase, the students solved 12
mathematical problems. Additionally, students were either provided with feedback or not.
The authors found a knowledge-by-feedback interaction, as only low-prior knowledge
students profited from the feedback. Whether these findings may replicate in writing

settings, is an open question.

3.6 Overview of the Present Meta-Analysis

The aims of the present study were to examine the effectiveness of computer-based
feedback regarding the quality of writing, and analyze potential boundary conditions, based
on the previous considerations. In contrast to earlier research syntheses, we focused on
formative feedback (excluding summative feedback) and system-generated feedback only.
Thus, we did not include computer-mediated feedback (e.g., via peer-review systems) which
could likely confound our findings. Additionally, we focused on first language writing.

Previous meta-analyses that examined the effectiveness of computer-based feedback on
writing could only include a restricted set of studies (Graham et al., 2015; considering
articles from 1975 to 2011) or focused on AWE systems only (Fleckenstein, Liebenow, &
Meyer, 2023; Ngo et al., 2022; Zhai & Ma, 2022). Therefore, we aimed to update the meta-
analytical knowledge, and additionally investigated potential feedback-related and student-
related boundary conditions for the effective use of different computer-based feedback

technologies to support writing.
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3.7 Method

Based on Borenstein et al. (2009), we conducted the meta-analysis according to the three
proposed steps: Identifying relevant studies, coding study characteristics, and computing
mean effect sizes and their statistical significance. The meta-analysis was preregistered (see

preregistration) via preregRS (J. Schneider et al., 2021).

3.7.1 Identifying Relevant Studies

Using the PICO framework (Population — Intervention — Comparison — Outcome)
framework (Fineout-Overholt & Johnston, 2005; Schardt et al., 2007), we developed the
following search term: ‘(computer* OR automat*) AND (writ* AND (argument* OR
essay* OR summary OR exposit* OR expla*)) AND (feedback OR evaluat* OR assess*
OR scor*) NOT (peer OR medic* OR neural-network OR health* OR care*)’. By integrating
the NOT-string, in our search term, we were able to exclude studies, which were not relevant
to writing, as feedback, is a broad term, which is also used in computer science, medicine or
care work. We nevertheless screened, whether we would erroneously exclude relevant
studies by conducting a pilot search, which was not the case in our study. We considered the
timespan from January 2003 until December 2020, because around 2003 several tools were
either established or got a major upgrade (e.g., MyAccess was established in 2003 and
Summary Street was established between 2002 and 2004; Wade-Stein & Kintsch, 2004). To
retrieve empirical studies of potential relevance, we performed searches of the following
databases: Education Resources Information Center (ERIC; via EBSCOhost), PsychInfo,
Web of Science, Google Scholar (first 100 results), PsychArchives, Psycharxiv, and
SocArcXiv. The searches yielded in 2,459 hits. We carefully followed the Preferred
Reporting Items for Systematic Reviews and Meta-Analyses’ (PRISMA) framework of 2020
(Moher et al., 2009; Page et al., 2021; see PRISMA Flow Diagram, see Figure 6). First, the

duplicates of the search results were removed. Second, the remaining 2,299 articles were
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examined by two independent raters to identify studies for inclusion in the systematic review
and the meta-analyses. Using the pre-registered inclusion and exclusion criteria (according
to the PICOS framework; Fineout-Overholt & Johnston, 2005; Schardt et al., 2007), the
articles were first screened by titles and abstracts and then by full texts by two independent
raters. We included studies that implemented a feedback tool automatically providing
system-generated formative feedback on students’ writing quality to be able to exclude a
person's opinion, judgement, or expression as a potential influencing factor. Furthermore,
the tool should provide feedback on first-language writing drafts to avoid fostering not
writing quality, but rather language learning, for example. For the meta-analysis, we only
considered studies that followed either a pretest-posttest design or the more rigorous pretest-
posttest-control group design to obtain effect sizes and to be able to predict the effectiveness
of feedback. We included a broad set of manuscripts to counteract potential effects of
publication bias, as long as they were based on empirical research. Articles were excluded
when the feedback described in the study was teacher or peer-mediated feedback or when
the study was a validation study focusing on the technical functionality of the tool instead of
students’ learning outcome. All studies were double coded by a scientific collaborator and
the first author of this study (kx = 0.94). After both raters had independently screened all
records, the remaining 28 conflicts were resolved through discussion.

Finally, we could derive 24 independent effect sizes for pretest and posttest from 13 of
the included articles. Eight of these articles considered a control group. In total, we derived
15 independent effect sizes for studies with a pretest-posttest-control group design (which
were also part of the meta-analysis with pretest-posttest design including 24 effects). Thus,
we performed a meta-analysis with 24 effect sizes of studies with a pretest-posttest design,
and a sub-meta-analysis with the 15 effect sizes of studies with a pretest-posttest-control

group design. We deliberately decided against pooling within- and between-effect sizes, as
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they result from different metrics (measure of change versus measure of group comparisons),

and thus, pooling would likely result in distorted findings (see also Morris & DeShon, 2002).

Figure 6

Procedure According to the PRISMA Framework (Inspired by Page et al., 2021)
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3.7.2 Coding

Three independent raters (k = 0.67) coded the studies using 33 items collecting
information about each study: reference information (e.g., authors, title), sample information
(e.g., students’ age, educational level), study conduction (e.g., study setting), feedback

information and materials (e.g., feedback tool, text genre). For the meta-analyses the final
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coding scheme consisted of 19 variables (i.e., authors, scale of the writing quality variable,
mean and standard deviation of writing competence in the pretest and posttest for feedback

and control condition).

3.7.3 Research Design and Outcome Measures

In the included studies, students wrote a draft (pretest; e.g., an argumentative essay about
a given topic) and after receiving feedback on their writing quality (or no feedback in the
control condition) they revised the draft (posttest). Therefore, we applied students’ writing
quality in the pretest as independent variable and students’ writing quality in the posttest as

dependent variable.

3.7.4 Moderator Variables

We assessed the impact of the following potential boundary conditions on the
effectiveness of computer-based feedback in supporting students’ writing quality during the
revision processes: specificity of feedback (generic vs. specific), representation of feedback
(e.g., numeric vs. graphical), level of text quality on which feedback was provided (lower
vs. higher level), and students’ prior knowledge (see Table 2 for a detailed explanation of
the coding of the moderator variables). All moderator variables were coded by three
independent raters (x = 0.73, substantial according to Fleiss’ Kappa). We conducted

moderator analyses using the multilevel random effects model.
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Moderator Variables

Method

Variable

Text level

Graphical
feedback
representation

Numeric
feedback
representation

Highlighting
representation of
feedback

Text-based
feedback
representation

Description

Feedback on a lower hierarchical
level focuses on surface features of
the text (e.g., grammar, spelling,
text length, word count). Feedback
on a higher hierarchical level is
more complex and has a larger
influence on writing quality and text
comprehension (e.g., organization
and structure, style, cohesion).

Feedback is visualized graphical,
i.e., in form of a concept map.

Feedback is visualized numeric,
e.g., as scores, grades, points
achieved, percentages, diagrams, or
rating scales.

Feedback information is directly
embedded within the text through
signaling, markings, or symbols.

Feedback is represented as text-
based comment, hints, massages, or
suggestions.

Scales

1 = Low-level only
2 = High-level only
3 = Both lower and higher level

0 = Not graphical
1 = Graphical

0 = Not numeric
1 = Numeric

0 = No highlighting
1 = Highlighting was used

0 = Not text-based
1 = Text-based

Prototypical example of Coding

In the study by Roscoe et al. (2015), feedback was
provided on different text properties ranging from
lower level aspects, e.g., number of words and
sentences, to more sophisticated aspects on higher
level, e.g., cohesion. Thus, this study was coded with 3
(both lower and higher level).

Burkhart et al. (2020) provided one group of
students feedback in form of a conventional concept
map which was coded with 1 as graphical
representation.

In the study by Kellogg et al. (2010), feedback was
provided in form of a holistic score. Thus, this study
was coded with 1 (numeric representation of
feedback).

In the study by Burkhart et al. (2020), in the
signaled concept map condition, signaling was used
embedded directly in students’ draft and within the
concept map. This case was coded with 1 as
highlighting was used to represent the feedback
information.

In the study by Lachner et al. (2017a), in the outline
condition, the feedback information was represented
only as keywords why it was coded with 1 (fext-
based).
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Variable Description Scales Prototypical example of Coding
In the study by Lachner et al. (2017b), feedback
Number of representations regarding local and global cohesion was provided by
describes whether only a single using a concept map (graphical). Thus, this study was
Number of representation format was used to 0 = Mono (single) representation  coded with 0 (mono representation). In contrast, in the
representations provide the feedback or whether 1 = Multiple representations study by Palermo (2017), feedback was presented in
multiple representation formats form of scores in bar charts (numeric) combined with
were combined. written statements (text-based). Thus, this study was
coded with 1 (multiple representations).
In the study by Wang et al. (2020), students receive
Feedback specificity describes 1 = Generic (only one generic a grade on their first and a grade on their second draft
how detailed and comprehensive score or one generic feedback as feedback. Thus, this study was coded with 1
feedback is provided. In generic method is provided) (generic). In contrast, in the study by Wilson and
Feedback feedback, the writing product is 2 = Specific (there are more than  Roscoe (2020), 6 traits of writing quality were scored
specificity considered as a unit (overall score). one feedback representation and on a scale from 1 to 5 and students were provided with

Prior knowledge

Setting

Educational level

In specific feedback procedure,
feedback is given on different
criteria of the text.

Students’ prior knowledge was
measured using the pretest
measurements.

possibly additional suggestions or
prompts to help implementing the
(localized) feedback are provided)

Because the different studies
used different scales to measure
writing quality, we transformed
students’ pretest values into
percentages so that we could
measure the moderator variable on a
scale from 0% to 100%

1 = Laboratory

2 = Field study

0 = School (including middle
and high school)

1 = University

feedback on each of the 6 traits, indicating strategies
for students to improve their draft regarding the
specific trait. Thus, this study was coded with 2

(specific).

In the study by Zhu et al. (2017), they used for
students’ pretest measures a scale from 0 to 10. The
mean writing quality was 5.20. We translated the
values into percentage (5.2 X 100 <+ 10) resulted in
52%.
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3.7.5 Computing Effect Sizes and Statistical Analyses

3.7.5.1. Not Reported Data and Sensitivity Analysis

A common challenge in meta-analyses is dealing with unavailable statistical parameters
from the primary studies (Lipsey & Wilson, 2001). Some studies did not provide the
minimally required statistical information to conduct a meta-analysis or provided an
imprecise operationalization of writing quality. Accordingly, we had to exclude several
studies, as we were not able to gather the missing information. To this end, n = 24 (with
pretest-posttest design and n = 15 with pretest-posttest-control group design) of the 48
identified studies could be included in the meta-analysis, as they provided sufficient detail.
We used the means, standard deviations, sample sizes, and pretest-posttest correlations to
calculate effect sizes (standardized mean change) for the samples of primary studies via the
R-package “metafor” (Viechtbauer, 2010). However, we did not find the pretest-posttest
correlation reported in any of the articles. In these cases (single missing statistical
information), it is typically suggested to run a sensitivity analysis (Cooper et al., 2019).
Sensitivity analyses use a range of plausible values for the missing statistical value, which
are then used to continue the data analysis and investigate the variability of results
(McKenzie et al., 2022). One of the studies with control group design provided open data
(Burkhart et al., 2020). Based on this study we were able to calculate its pretest-posttest
correlations (intervention group: » = .72; control group: » = .86), which we used as an anchor
for the sensitivity analysis. We included a broad range of 26 (conservative) plausible values
in the sensitivity analyses (cf. Cooper et al., 2019) with correlations from » = .50 to .75 for
the intervention group samples and correlations from » = .64 to .89 for the control group
samples, using steps of .1 respectively.

In the results section, we report the mean meta-analytic effect sizes and the according p-

values. For a better overview and since the variations do not change the result, the ranges of
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the effect sizes and p-values based on the sensitivity analyses are not mentioned in the

continuous text but can be found in the according tables (Tables 3—6).

3.7.5.2. Average Effect

For our meta-analysis, we calculated random effect models to account for the
heterogeneous design of the included studies. As authors provided multiple comparisons in
one paper, we also included the paper-ID as a cluster variable to account for statistical
dependencies between effect sizes. We conducted an ANOVA comparing the multilevel
random effect model (clustered regarding paper-ID) and the standard model (without cluster
variable) to test whether nesting within studies is necessary. The results showed a significant
(p < .01) preference of the multilevel random effect model over the standard model that
indicated that there are substantial differences between papers. Thus, we continued with the
random effect model considering paper as cluster variable. As we conducted a meta-analysis
on studies with repeated measures (pretest and posttest), we used Becker's (1988)
standardized mean change as appropriate effect size measures with qualifying values of g =

.2,.5, .8 as small, medium, and large effects.

3.7.5.3. Publication Bias
To check for possible publication bias, first, we generated a funnel plot (Borenstein et al.,
2009; Sterne et al., 2000) in conjunction with trim-and-fill-analyses which proved to be an
effective estimation analysis for determining missing studies (Duval & Tweedie, 2000a,
2000b; Pham et al., 2001). In addition, we used Egger’s et al. (1997) regression test to

statistically detect the asymmetry of the plot.

3.7.5.4. Used Data Management Tools
Data was gathered and organized using Rayaan (https://www.rayyan.ai/), a systematic

review web application and online tool helping researchers to organize and manage
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collaboratively the data of systematic reviews and meta-analyses (Ouzzani et al., 2016).
Descriptive analyses were carried out using Microsoft Excel. To prepare for statistical
analysis, we used SPSS, Version 27. To calculate effect sizes and to conduct the meta-
analysis we used the metafor-R-package (Viechtbauer, 2010), which was developed to

perform meta-analyses with the R software.

3.8 Results
3.8.1 Sample

Thirteen articles yielding k& = 24 pretest-posttest comparisons were included in the meta-
analysis (see Table 3). The studies were published between 2008 and 2020 as journal articles
(77%), dissertations (15%), or conference papers (8%). Most of the studies were conducted
in the United States of America (59%), all others in Germany. There were almost as many
laboratory studies (46%) as field studies (55%). A total of N = 2,380 students participated in
the studies with a mean sample size of n = 99 (ranging from n = 20 to n = 542 participants
per study). Most of the participants were university students (64%), followed by students in
high school (23%), middle school (9%), and a combined sample of middle and high school
students (5%). The text genre in which the students were asked to write their drafts was, in
most cases, argumentative/persuasive essay writing (46%), followed by writing explanations
(41%), scientific argumentations (9%), and summaries (5%).

Eight of these 24 articles yielded k& = 15 pairwise comparisons of the writing quality of an
experimental group that received feedback with a control group that did not receive
feedback, with which we conducted a sub-meta-analysis. The experimental group comprised
n =921 participants (ranging from n = 13 to n = 287 among studies; mean sample size of n
= 61), the control group comprised n = 908 participants (ranging from n = 11 to n = 270
among studies; mean sample size of n = 61), resulting in a total sample size of N = 1,829

students included in the sub-meta-analysis.
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In Table 3, information about all included studies in both meta-analyses are shown in

detail.
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Table 3

Overview of all Included Studies in the Meta-Analyses

Results

Type Sampl Sample size per
Stud of Count e size Level of Study Cl:)n di tionp Feedbac Type of Text Feedback Feedback Study Text Genre
Y Manus y in Education  Design k tool Feedback Level Representation  Specificity Setting
-cript Total
" n
Experi- Control
mental Grou
Group P
ournal pre- corr:j}}:;)rlll(félce- Highlighting in
Jou! Germany 100 university post- 25 26 CohViz higher the text + specific laboratory explanation
article control concept-map concept map
feedback
Burkhart et ournal pre- conventional
al., 2020 Ja ticle Germany 100 university post- 23 26 CohViz concept-map higher Concept map specific laboratory explanation
control feedback
. pre- spatially Highlighting in
journal . . . . . .
article Germany 100 university post- 26 26 CohViz contiguous higher the text + specific laboratory explanation
control feedback symbols
disser- high pre- AES foedback + 7 Lo
Frost, 2008 . USA 31 & post- 23 11 Criterion teacher . numeric generic field summary
tation school . . higher
control instruction
. . .. Writing Pal . (argumentative
journal high pre- ) } Writing . Lower + Numeric + . .
article USA 60 school post Pal feedback (generic higher text-based generic laboratory / persuasive)
score) essay
McCarthy writing Pal
etal., 2019 . . .. feedpack - . (argumentative
journal USA 59 high pre- ) ) Writing spelling and Lower + Numeric + eneric laborato / persuasive)
article school post Pal grammar higher text-based & Y p essa
checking (generic Y
score)
. pre- . . n (argumentative
J;)rlg;ael USA 39 university post- 20 19 Criterion mft:;g:::ciﬁ L}?iw}?zr numeric generic laboratory / persuasive)
Kellogg et control & essay
al., 2010 journal pre- continuous Lower + (argumentative
article USA 20 university post- 20 19 Criterion feedback higher numeric generic laboratory / persuasive)
control essay
J;)rltlir;ael Germany 96 university gf):-t - - CohViz  general feedback higher numeric specific field explanation
Lachneret  journal . pre- . concept map . . .
al., 2017a article Germany 77 university post - - CohViz feedback higher Concept map specific field explanation
J;)I}tlimclzl Germany 78 university g;es_t - - CohViz outline feedback higher text specific field explanation
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Type Sampl Sample size per
Stud of Count e size Level of Study Cl:)n di tionp Feedbac Type of Text Feedback Feedback Study Text Genre
Y Manus y in Education  Design k tool Feedback Level Representation  Specificity Setting
-cript Total
" n
Experi- Control
mental Grou
Group P
Lachner et pre
al. journal L - . concept map . . .
(2017b), article Germany 42 university cgg;t;l 21 21 CohViz feedback higher Concept map specific laboratory explanation
Study 2
Lachner et pre
al. journal - A . concept map . . .
(2017b), article Germany 27 university post- 13 14 CohViz feedback higher Concept map specific laboratory explanation
control
Study 3
Lachner & : ournal pre- concept map Highlighting in
Neuburg, Ja rticle Germany 61 university post- 31 30 CohViz feedback with higher the text + specific laboratory explanation
2019 control signaling concept map
. . pre- feedback + . (argumentative
dlS.SQI‘ USA 542 middle post- 272 270 NCWrite traditional lower Numeric + specific field / persuasive)
tation school . . text-based
Palermo, control instruction essay
2017 disser- middle pre- feedback + self- Numeric + (argumentative
. USA 557 post- 287 270 NCWrite  regulated strategy lower specific field / persuasive)
tation school text-based
control development essay
con- .
. - " .- . tative
Roscoe et ferenc high pre Writing Writing-Pal Lower + Numeric + . (argumen .
al., 2013 e USA 63 school post- 3 32 Pal condition higher text-based generic field / persuasive)
control essay
paper
. . argumentative
Wang et journal middle pre- . AWE system . . ( .
al., 2020 article USA 143 school post eRevise eRevise lower numeric generic field / pegs;;:;we)
. pre- " . (argumentative
journal . . ) Writing . Lower + Numeric + . .
article USA 89 university post 41 48 Pal iSTART higher text-based generic field / persuasive)
control essay
Weston- . pre- . . (argumentative
Sementelli 7 ou_rnal USA 41 university post- 41 48 Writing Writing-Pal Lo_wer * Numeric + generic field / persuasive)
article Pal higher text-based
etal., 2016 control essay
. pre- . . . (argumentative
journal . . ) Writing iSTART + Lower + Numeric + . .
article USA 45 university post 45 48 Pal Writing-Pal higher text-based generic field / persuasive)
control essay
journal high + re- c-rater Numeric + scientific
Jour USA 131 middle p - - generic lower text-based + specific field .
article post ML argumentation
Zhu et al., school scales
2020 journal high + re- c-rater Numeric + scientific
Jour USA 203 middle p - - contextualized higher text-based + specific field .
article post ML argumentation
school scales
Zhu et al., journal high pre- c-rater automated . Numeric + . scientific
2017 article Usa 141 school post ) ) ML scoring feedback higher text-based specific field argumentation
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3.8.2 Publication Bias

As might be expected with large heterogeneity between studies, publication bias revealed
significance. The funnel plot of the pretest-posttest meta-analysis shows that the effect sizes
are not systematically distributed around the average effect, but there was a gap at the bottom
(particularly on the left side) of the plot. The gap indicates that small (nonsignificant) effect
sizes of small studies are missing, suggesting that there may be evidence of a possible
publication bias. Egger’s regression test (Egger et al., 1997) revealed an asymmetry of the
funnel plot, z = 4.1485, p < .01, b = —.1501. However, the trim-and-fill analysis did not
include any study but adjusted the center of symmetry. Accordingly, there was a change of
the effect size due to the trim-and-fill method resulting in a medium to large significant effect
of g=.68, p<.01, CI 95% [.3787, .9887] (Egger et al., 1997; Sterne et al., 2000).

For the pretest-posttest-control group meta-analysis, there was a different pattern: The
funnel plot was relatively symmetrical with a gap at the bottom (right side) of the plot,
suggesting that large effect sizes of small studies are missing. However, Egger’s regression
test (Egger et al., 1997) revealed an asymmetry of the funnel plot, z =—2.3505, p =.019, b
= .7859. Performing the trim-and-fill analysis, two studies were included on the right side
and there was a slightly change of the effect, g = .37, p =.004, CI1 95% [.1185, .6294].

In both funnel plots, most studies are shown in the upper range, whereas small studies
(with small effects in the pretest-posttest meta-analysis and large effects in the pretest-
posttest-control group meta-analysis) are rather absent. This suggests that a so-called small-
study effect is present, where the results of smaller studies differ consistently from the larger
studies (Schwarzer et al., 2015; Sterne et al., 2000), resulting in an asymmetry. In conclusion,
the analyses suggest that the few studies which could be integrated in the present meta-
analyses might be report biased. However, all these analyses on publication bias should be
treated with caution due to the low number of included studies (Jackson & Turner, 2017). In

addition, it should be noted that the asymmetries did probably not result from publication
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bias but might have other reasons (Egger et al., 1997; Schwarzer et al., 2015). Other
possibilities that occur asymmetry of the funnel plot cloud be unbalanced existence of the
characteristics in the population (i.e., the population may not be evenly distributed and
therefore we should not use an evenly distributed population as the basis for the comparison),
small studies showed different (often larger) effects than studies with a larger sample size
(small-study effect; Sterne et al., 2000), artefactual correlations of statistical estimates with
their standard errors, or only studies with large or significant treatment results were reported

(selective/outcome reporting bias; Chan & Altman, 2005).

3.8.3 Overall Effect Size for Writing Quality

The meta-analysis including 24 independent studies with pretest-posttest design (N =
2,380 participants) revealed a standardized mean change of g = .53 with p =.013, indicating
that students improved their writing quality significantly (medium effect) from pretest to
posttest. Table 4 shows an overview of the study-wise effect sizes' and confidence intervals.

For the pretest-posttest-control group meta-analysis, we included 15 of the studies
(involving 1,829 participants) of the meta-analysis for the pretest-posttest designs only
which additionally included a control group. In contrast to the first meta-analysis about the
studies with pretest-posttest-design only, under consideration of a control group, we found
smaller effects which were not significant: Students in the feedback condition did not
improve their writing quality more from pretest to posttest compared to students in the
control condition, g = .27, p = .084. Table 5 shows an overview of the study-wise effect

sizes? and confidence intervals.

! Table 4 shows the ranges of the effect size, its standard error and p-value depending on the pretest-posttest
correlation within the scope of the sensitivity analysis. The results showed that the variations of the effect
size g are minimal (only from the third decimal place) and do not change the result, which is why we can
assume a robust effect and a precise estimate of the correlation.

2 Regarding the effects of the studies with pretest-posttest-control group design, the variations of g were
larger, depending on the assumed pretest-posttest correlation of our sensitivity simulation (see Table 5). This
finding suggests that the effect is not very robust across all 26 meta-analyses but depends on the correlation.
The result should therefore be treated with caution.
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Table 4

Results

Overview of Effect Sizes and Confidence Intervals of all Included Studies in the Meta-Analysis of Studies with Pretest-Posttest Design (k = 24)

Study

Number of participants n  Effect size g

SE

95% CI

Lower

Upper

Burkhart et al., 2020

Burkhart et al., 2020

Burkhart et al., 2020

Frost, 2008

Kellogg et al., 2010

Kellogg et al., 2010

Lachner et al., 2017a

Lachner et al., 2017a

Lachner et al., 2017a

Lachner et al., 2017b (Study 2)
Lachner et al., 2017b (Study 3)
Lachner & Neuburg, 2019
McCarthy et al., 2019
McCarthy et al., 2019
Palermo, 2017

Palermo, 2017

Roscoe et al., 2013

Wang et al., 2020
Weston-Sementelli et al., 2016
Weston-Sementelli et al., 2016
Weston-Sementelli et al., 2016
Zhu et al., 2020

Zhu et al., 2020

Zhu et al., 2017

51
49
52
34
39
39
96
77
78
42
27
61
60
59
542
557
65
143
&9
89
93
131
203
141

1.47
72
.61

-.54

2.69

2.95
13
13
.19

1.43
.70
1.04
22
22
44
.97
.14
15

—.18
.04
.65

1.87

1.39
35

270 (.251-.288)
209 (.181-.234)
189 (.162-.213)
197 (.167-.223)
467 (:453-.480)
505 (.492-.517)
088 (.073-.102)
.099 (.081-.114)
.099 (.082-.114)
290 (.269-.310)
276 (.240-.310)
203 (.183-.223)
113 (.094-.131)
114 (.094-.132)
056 (.047-.064)
065 (.058-.072)
151 (.124-.175)
.073 (.060-.084)
136 (.112-.157)
135 (.111-.156)
146 (.126-.164).
138 (.131-.145)
.092 (.085-.010)
.076 (.063-.087)

19395 (.9040-.9766)
3085 (.2593-.3619)
2358 (.1878-.2882)
~.9235 (—.9755-—.8665)
1.7725 (1.7465-1.7990)
1.9590 (1.9349-1.9835)
—.0428 (—.0704-—0.0121)
~.0616 (—.0923--0.0273)
—.0031 (~.0335-.0307)
8598 (.82044-.9010)
1609 (.0951-.2323)
6379 (.6002-.6781)
.0027 (~0.0318-.0410)
—.0074 (—0.0422-.0313)
3333 (.3178-.3504)
8436 (.8309-.8572)
—.1564 (—.2034--0.1041)
.0035 (~0.0190-.0287)
~.4507 (—.4926-—.4040)
~2261 (~.2685-—.1789)
3654 (.3295-.4046)
1.6023 (1.5890-.1.6160)
1.2064 (1.1935-1.2199)
2036 (.1816-.2280)

1.9990 (1.9619-2.0345)
1.1266 (1.0733-1.1759)
9762 (.9238-1.0242)
~.1530 (—.2101-—.1010)
3.6030 (3.5765-3.6290)
3.9376 (3.9131-3.9617)
3039 (.2732-.3314)
3256 (.2913-.3563)
3840 (.3502-.4144)
1.9969 (1.9557-2.0362)
1.2430 (1.1716-1.3088)
1.4354 (1.3952-1.4731)
4461 (.4077-.4806)
4392 (.4005-.4740)
5513 (.5342-.5669)
1.0989 (1.0853-1.1116)
4354 (.3831-.4823)
2880 (.2629-.3105)
0828 (.0361-.1247)
3016 (.2543-.3439)
9368 (.8977-.9728)
2.1440 (2.1303-2.1574)
1.5659 (1.5524-1.5788)
4998 (.4754-.5218)
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Note. g is the effect size of Becker’s (1988) standardized mean change from students’ first draft (pretest) to their revised draft (posttest); the
effect size did not vary due to different pretest-posttest correlation. SE is the standard error of the effect size. 95% CI is a 95% confidence
interval with its lower and upper limit. The table shows the mean effect size, its standard error, confidence interval, and the corresponding p-
value across the 26 meta-analyses based on the mean correlation according to the sensitivity analysis procedure. The range of the respective
values of the 26 meta-analyses with the smallest and largest correlation is reported in parentheses. Effect size does not vary due to different

pretest-posttest correlation, hence only one effect size value per study is reported.
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Table 5

Effect Sizes and Confidence Intervals of all Included Studies in the Meta-Analysis of Studies with Pretest-Posttest-Control Group-Design (k =

15)
95% CI
Study Number of participants n Effect size g SE - -

LL mean (min-max) UL mean (min-max)
Burkhart et al., 2020 51 .68 321 (.289-.350) .05283 (—.0054-.1148) 1.3100 (1.2480-1.3683)
Burkhart et al., 2020 49 -.07 271 (.231-.307) —.6009 (—.6722-—.5229) 4604 (.3824-.5316)
Burkhart et al., 2020 52 —.18 256 (.216-.292) —.6831 (—.7538-—.6053) 3195 (.2417-.3901)
Frost, 2008 34 —-.06 281 (.216-.337) —.6075 (—.7182-—.4802) 4939 (.3665-.6045)
Kellogg et al., 2010 39 —-1.07 784 (.(768-901)  —2.6118 (—2.6436-—2.5795) 4629 (.4306-.4948)
Kellogg et al., 2010 39 -.81 .807 (.(791-.823) —2.3964 (—2.4273843--2.3651) 7687 (.7373-.7996)
Lachner et al., 2017b (Study 2) 42 .87 337 (.300-.371) 2120 (.1449-.2838) 1.5331 (1.4613-1.6002)
Lachner et al., 2017b (Study 3) 27 49 333 (.273-.386) —.1651 (—.2693-—.0488) 1.1394 (1.0231-1.2436)
Lachner & Neuburg, 2019 61 .38 253 (.219-.284) —.1192 (—.1804-—.0527) .8730 (.8066-.9342)
Palermo, 2017 542 .64 .070 (.056-.082) .5040 (.4794-.5318) 1774 (.7496-.8020)
Palermo, 2017 557 1.17 .078 (.065-.089) 1.0175 (.9958-1.0415) 1.3217 (1.2978-1.3435)
Roscoe et al., 2013 65 -.02 194 (1151-.231) —.4029 (—.4765-—3186) 3567 (.2724-.4303)
Weston-Sementelli et al., 2016 89 =07 .168 (.132-.200) -.4025 (-.4649-—.3312) 2559 (.1847-.3184)
Weston-Sementelli et al., 2016 89 15 167 (.130-.199) —.1784 (—.2413-—.1065) 4753 (.4034-.5381)
Weston-Sementelli et al., 2016 93 .76 176 (.143-.205) 4170 (.3600-.4810) 1.1067 (1.0427-1.1638)

Note. g is the effect size of Becker’s (1988) standardized mean change from students’ first draft (pretest) to their revised draft (posttest) in
comparison with a control group, SE is the standard error of the effect size, 95% ClI is a 95% confidence interval with its lower and upper
limit. The table shows the mean effect size, its standard error, confidence interval, and the corresponding p-value across the 26 meta-analyses

based on the mean correlation according to the sensitivity analysis procedure. The range of the respective values of the 26 meta-analyses with
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the smallest and largest correlation is reported in parentheses. Effect size does not vary due to different pretest-posttest correlation, hence only

one effect size value per study is reported.
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3.8.4 Heterogeneity Analyses

There was statistically observable heterogeneity in the set of effect sizes in both meta-
analyses, 0(23) = 473.68, p < .001, I = 98% (ranging from 97% to 98%) for the meta-
analysis for the pretest-posttest design including 24 studies, and Q(14) = 117.38, p < .001,
P2 = 82% (ranging from 77% to 87%) for the meta-analysis with 15 studies with pretest-
posttest-control group design. The I? statistic indicated that on average 98% in the pretest-
posttest meta-analysis and 82% in the meta-analysis for the pretest-posttest-control group
designs of the detected variation could be related to true variation among studies, which
refers to high heterogeneity (Higgins et al., 2003). To explore possible reasons of this
heterogeneity, we conducted several separate moderator analyses using the multi-level

random-effects model.

3.8.5 Moderator Analyses

For the meta-analysis about 24 effect sizes from studies with pretest-posttest design,
several moderators approached significance. Regarding feedback representation, the
moderation analyses showed that graphical and highlighting feedback improved students
writing quality positively whereas text-based feedback decreased the writing quality (see
Table 6). Numeric feedback had no impact on students’ writing quality. Regarding text level,
the results indicated that students who received low-level feedback only improved their
writing significantly, whereas when students received both low- and high-level feedback
their writing quality decreased. High-level feedback only made no difference. Regarding
feedback specificity, there was a medium-to-large positive average effect on students’
writing quality indicating that more specific feedback led to larger improvements in student

writing quality than generic (non-specific) feedback.
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Table 6

Results of Moderator Analysis with Studies with Pretest-Posttest Design

Moderator variables g
Text level® —.51 (-.53--.50)
Low text level® 45 (.45-—.46)
High text level® —.04 (—.06-—.00)
Both text levels® —.67 (—.70-—.64)
Feedback representation
Graphical® .34 (.31-.36)
Numeric® —.19 (—=.20-—.17)
Highlighting® .52 (.51-.54)
Text-based” =77 (=.77--.76)
Number of representations® A2 ((11-.13)
Feedback specificity? .68 (.66-.71)
Prior knowledge® —.01 (-.01--.01)
Setting’ —.82 (-.82—.80)
Educational level® 73 (\71-.74)

SE

125 (.116-.132)
160 (.151-.168)
130 (.120-.138)
208 (.188-.226)

.094 (.080-.107)
113 (.095-.129)
171 (.151-.190)
153 (.137-.168)
204 (.202-.243)
206 (.187-.223)
013 (.011-.014)
198 (.179-.215)
206 (.187-.223)

95% CI
Lower
—.758 (—.762--.756)
141 ((121-.161)
—.292 (—.335-—.240)
—1.076 (—1.084-—1.064)

Upper
—.270 (-.307-—.238)
767 (.753-.779)
216 (.208-.231)
—.260 (-.326-—.200)

156 (.153-.158)
—411 (—.453-—360)
188 (.162-.212)
~1.069 (~1.093-—1.039)
~316 (—.344--.287)
281 (.226-—.342)
~.033 (~.037-—.029)
~1.204 (~1.244—1.155)
325 (.277-378)

526 (.450-.572)
1032 (.013-.051)
860 (.805-.908)

— 468 (—.504-—.434)
564 (.506-.610)
1.089 (1.075-1.101)
156 (.015-.017)
—.427 (—.452-—.401)
1.133 (1.110-1.152)

p

.000 (.000-.000)
.005 (.002-.007)

775 (.647-.968)

.002 (.000-.004)

.000 (.000-.001)

092 (.068-.119)

.002 (.001-.0048)
.000 (.000-.000)

580 (.577-.590)

.001 (.000-.003)

477 (456-.526)

.000 (.000-.000)
.000 (.000-.000)

Note. Number of studies and effects = 24, total N = 2,380 students, g is the effect size of Becker’s (1988) standardized mean change from

students’ first draft (pretest) to their revised draft (posttest), SE is the standard error of the effect size, 95% CI is a 95% confidence interval

with its lower and upper limit. The table shows the mean effect size, its standard error, confidence interval, and the corresponding p-value
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across the 26 meta-analyses based on the mean correlation according to the sensitivity analysis procedure. The range of the respective values

of the 26 meta-analyses with the smallest and largest correlation is reported in parentheses.

41 = feedback that addressed lower level of text quality only, 2 = feedback that addressed higher level of text quality only, 3 = feedback that
addressed both lower and higher level of text quality. ®0 = no, 1 = yes. 0 = mono (one single representation format), 1 = multiple
representation formats combined. ¢ 1 = generic, 2 = specific. ¢ Students’ writing quality of their first draft (pretest) on a scale from 0% to
100%; it should be noted that the effect shown in the table is not a small decrease in knowledge, but g describes the size and direction of the

moderation effect. {1 = laboratory, 2 = field study. &0 = school (including middle and high school), 1 = university.
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For the meta-analysis about 15 effect sizes from pretest-posttest-control group design,
three moderators revealed significance. Regarding text level, we found that similar to the
findings of the pretest-posttest meta-analysis, that only low-level feedback led to higher
student writing quality, whereas high-level feedback only or feedback on both lower and
higher-level decreased students’ writing quality (see Table 7). Regarding feedback
specificity, there was a medium positive average on students’ writing quality suggesting that
specific feedback resulted in higher writing quality compared to generic feedback.
Regarding prior knowledge, there was a very small negative average effect on students’
writing quality indicating that students with higher prior knowledge profited less from the
feedback compared to students with lower prior knowledge.

The effects for the other moderator variables were not significant (see Table 7).
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Table 7

Results of Moderator Analysis with Studies with Pretest-Posttest-Control Group Design

Moderator variables g
Text level® —.52 (-.52--.52)
Low text level” .55 (.54-.56)
High text level® —.48 (—.49-—.46)
Both text levels” —-.53 (—.54-—.52)
Feedback representation®
Graphical® .35 (.35-.36)
Numeric® =17 (—.18-—.17)
Highlighting® 13 (113-.13)
Text-based® 25 (.24-27)
Number of representations® .26 (.24-.28)
Feedback specificity? .53 (.52-.54)
Prior knowledge® —.05 (—.05-—.04)
Setting’ 12 (.10-.14)
Educational level® =11 (-.14--.09)

SE

.090 (.077-.100)
.103 (.085-.119)
102 (.084-.117)
267 (.254-.278)

248 (.222-.270)
350 (.337-.360)
268 (.239-.293)
323 (.316-.327)
244 (.220-.264)
267 (.254-.278)
021 (.019-.023)
336 (.329-.342)
339 (.331-.344)

95% CI

Lower
=717 (—.696-—.672)
351 (.330-.376)
—.679 (—.693-—.660)
—1.057 (—1.088-—1.019)

—.131 (~.179--.079)
—.860 (—.872-—.843)
~.393 (—.445-—.336)
~.378 (~.379-—.375)
~215 (-.235-—.194)
012 (.001-.025)
~.091 (—.098-—.081)
—.543 (—.548--.536)
~779 (—.812-—.741)

Upper
—.345 (-.371--.323)
755 ((711-.796)
—.280 (—.330—-.234)
—.012 (—.025-.001)

840 (.790-.880)
510 (:479-.539)
658 (.602-.702)
887 (.861-.909)
741 (.668-.801)
1.057 (1.019-1.088)
~.007 (—.007-—.007)
775 (.740-.806)
549 (.538-.557)

Results

p

.000 (.000-.000)
.000 (.000-.000)
.000 (.000-.000)

.045 (.040-.0497)

152 (.109-.192)
617 (.589-.644)
619 (.579-.661)
430 (.415-.446)
281 (.280-.284)

.045 (.040-.0497)

.021 (.021-.023)
730 (.693-.770)
736 (.690-.781)

Note. Number of studies and effects = 15, total N = 1,829 students, g is the effect size of Becker’s (1988) standardized mean change from

students’ first draft (pretest) to their revised draft (posttest), SE is the standard error of the effect size, 95% CI is a 95% confidence interval

with its lower and upper limit. The table shows the mean effect size, its standard error, confidence interval, and the corresponding p-value
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across the 26 meta-analyses based on the mean correlation according to the sensitivity analysis procedure. The range of the respective values

of the 26 meta-analyses with the smallest and largest correlation is reported in parentheses. Significant results are highlighted in bold letters.

41 = feedback that addressed lower level of text quality only, 2 = feedback that addressed higher level of text quality only, 3 = feedback that
addressed both lower and higher level of text quality. ®0 = no, 1 = yes. ©0 = mono (one single representation format), 1 = multiple
representation formats combined. ¢ 1 = generic, 2 = specific. ¢ Students’ writing quality of their first draft (pretest) on a scale from 0% to
100%; it should be noted that the effect shown in the table is not a small decrease in knowledge, but g describes the size and direction of the

moderation effect. {1 = laboratory, 2 = field study. & 0 = school (including middle and high school), 1 = university.

104



Discussion

3.9 Discussion

3.9.1 Summary of Evidence

The main aim of the present meta-analysis was to investigate the effectiveness of system-
generated feedback (compared to no feedback) to support students’ writing quality, and to
investigate potential feedback-related and student-related boundary conditions of the
effectiveness of computer-based feedback. We found a medium effect of studies with a
pretest-posttest design. However, the effect was no longer significant compared to a control
group (studies with pretest-posttest-control group design). Thus, overall, we conclude that
computer-based feedback is not effective per se.

The higher effects of the pretest-posttest designs can be assumed, as simple pretest-
posttest designs rather measure change instead of the effect of an intervention, and also may
be prone to other confounds, such as maturation effects (see also Morris, 2008). The effect
sizes are in concordance with the meta-analytical findings by Graham et al. (2015), who also
documented small to medium effects of computer-based studies, based on a restricted sample
of four studies. Additionally, we also obtained a high heterogeneity among the included
studies (see also Ngo et al., 2022; Nunes et al., 2021; Strobl et al., 2019; for comparable
findings). Part of the variance could be explained by system-related factors: As a consistent
pattern across both meta-analyses, we identified the level of text quality and the specificity
of feedback as moderators. Low-level feedback increased writing quality more than high-
level feedback or feedback that provided both low- and high-level feedback. This finding is
surprising, as previous studies suggested that particularly high-level feedback should
contribute to writing quality (Crossley & McNamara, 2016; McNamara et al., 2013; Patchan
et al., 2016; Strobl et al., 2019). One explanation could be that the implementation of high-
level feedback is presuppositional and requires, for instance, numerical or graphical
understanding, high levels of self-regulation and therefore additional assistance during the

revision process (Lachner et al., 2017b; McNamara et al., 2015). Therefore, the
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implementation of low-level feedback could have been less difficult (Berninger & Swanson,
1994; Chanquoy, 2001; Chenoweth & Hayes, 2001; Hacker, 1994; Hayes & Olinghouse,
2015) which could have resulted in a spill-over in high-level implementations and contribute
to writing quality (see also Lachner et al., 2017b, for related discussions). However, this
interpretation is highly speculative, and requires additional studies, which directly test this
hypothesis.

Another interesting finding was that the specificity moderated the effectiveness of
computer-based feedback as specific feedback was more effective than general feedback.
This finding is consistent with previous research (e.g., Kuklick & Lindner, 2023; Lachner et
al., 2017a; Mertens et al., 2022; Shute, 2008), and corroborates the need for specific
information to implement distinct revision activities to improve writing quality. What
constitutes specificity in computer-based feedback, however, goes beyond the scope of this
study, as our moderation analyses only allowed to approach the quality of feedback in a
coarse-grained manner. Given that our moderation analyses resulted from cross-study
comparisons, we want to clarify that these moderation analyses cannot be interpreted in a
causal manner.

Regarding the student-related factors, we investigated students’ prior knowledge as
potential moderator. In line with previous findings (Fyfe & Rittle-Johnson, 2016; Mertens
et al., 2022; Ngo et al., 2022), we found that students with high prior knowledge profited
less from the feedback than students with lower prior knowledge. A potential explanation
could be the expertise-reversal in the effectiveness of feedback depending on students’ level
of knowledge (Kalyuga, 2007; Kalyuga et al., 2003; Kalyuga & Renkl, 2010). That means
that feedback that helps less experienced students may inhibit students with higher prior
knowledge improving their writing because they retrieve and process redundant information

they already know and so impairs their available cognitive capacity. Additional research is
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needed to investigate how feedback could be implemented to support students with different

levels of prior knowledge effectively.

3.9.2 What are the Theoretical and Practical Contributions of our
Meta-Analysis?

Our main findings showed that it is not only about the feedback that matters, but
particularly about its boundary conditions (feedback-related as well as student-related). The
extent to which computer-based feedback is embedded remains a blind spot. Orchestration
could not be investigated in the meta-analysis due to lack of information or transparency in
the primary studies, highlighting the need to explore this further in future research.

The small effect sizes of computer-based feedback document that, compared to person-
generated feedback by instructors, tutors or peers, computer-based feedback still
considerably fell short of expectations, given that computer-based feedback requires distinct,
long-term, multi-professional resources during development. In addition, in ill-defined
domains such as writing, the effects can be assumed to be smaller, and more fragile than in
other, more well-defined domains, such as STEM (Sibley et al., 2023). Large language
models, such as GPT or BERT (Scheurer et al., 2022; Tsai et al., 2020; Wu et al., 2022) as
well as technical advancements could help provide more sophisticated assessments and
feedback approaches, which could additionally contribute to writing quality. More research,
however, is necessary to investigate whether and how large language models can be
implemented during writing. Another interesting finding for moving the field forward was
the restricted number of empirical studies which tapped into the effectiveness of computer-
based feedback to foster expository writing (see also Graham et al., 2015). Therefore, we
see the need in addition to the development of more advanced computer-based feedback
approaches to additionally investigate the effectiveness of the developed technologies with
experimental methods to test for causality. These empirical studies would help to gain a

better understanding of the conditions of computer-based feedback and generalize our
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findings. Last, our findings also have implications for educational practice, as they show that
computer-based feedback can be used as a supplement for teachers to foster writing under
consideration of the boundary conditions. It can be seen as a general guideline to provide
feedback specifically (Mertens et al., 2022; Shute, 2008). Low-level feedback is easy to
implement and improves writing quality for less as well as more experienced writers.
However, as previous research showed that feedback on higher-level has a larger impact on
text quality (Crossley & McNamara, 2016; McNamara et al., 2013; Strobl et al., 2019), we
suggest to not only provide low level feedback, but also provide specific high-level feedback,
for example by offering additional support to enable students to understand, structure, and
process the feedback (Mertens et al., 2022). Additionally, adaptive learning environments
offer potential to provide feedback depending on students’ prior knowledge (Kalyuga &
Renkl, 2010).

However, there is a lack of field-oriented studies that explore, among other questions,
whether it makes a difference whether computer-based feedback is more effective in the
classroom or in individual learning sessions. In addition, we see the need to further

investigate how computer-based feedback should be orchestrated.

3.9.3 Limitations

A limitation of this meta-analysis is that we only investigated three system-related and
one student-related influencing factor. However, the literature and previous research
suggests that there are many more influencing factors (e.g., according to the writing model
by Hayes, 2012: environment, motivation, schemes; see also Fleckenstein, Liebenow, &
Meyer, 2023; Kluger & DeNisi, 1996; Narciss, 2008; Panadero & Lipnevich, 2022) that
should be investigated. In our meta-analysis, first indications emerged that, for instance,
cognitive load or mental effort might play a role in the context of more complex feedback or

feedback at both lower and higher text levels and also in the context of nonspecific feedback.
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Another limitation is that we focused on expository writing in first language, and we
cannot generalize them on other text genres or foreign language learning. However, previous
research showed that feedback tools aiming to foster second language learning provided
feedback targeted rather hierarchically lower level of text quality (e.g., spelling and
grammar, length, word choice), whereas other feedback tools focused more on content and
structure of students’ texts (e.g., overall organization of ideas, cohesion; Strobl et al., 2019).
The literature also shows indicators that there are genre-related differences regarding the
feedback tools. For example, feedback on academic writing focus more on short and concise
sentences and a clear structure of argumentation, whereas feedback on summaries focuses
more on the appropriateness and completeness of the content, or feedback tools aiming to
foster the writing process focus more on self-regulation skills or the use of writing strategies
(Nesi & Gardner, 2012; Strobl et al., 2019).

As a final limitation, we have to mention that the sensitivity analysis showed lack of
robustness of some effects, and they have to be interpreted with caution. Future research is
needed to further increase the validity of our results. However, this requires more open
science and transparency of the primary studies. As a first step in this direction, we set

ourselves high methodological standards.

3.9.4 Conclusion

The goal of this meta-analysis was to investigate the effectiveness of computer-based
feedback to support students in expository writing with aggregate data. Furthermore, we
aimed at identifying potential boundary conditions to complement the existing research and
gain new insights for practitioners as well as for researchers into computer-based formative
feedback to improve expository writing automatically. Overall, the meta-analysis presented

in this paper provides important evidence that specific computer-based feedback particularly
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on lower text level improved students’ writing quality, especially for less experienced

writers.
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THE MORE, THE BETTER?

Structured Abstract

Background: Strategy instruction and formative feedback are powerful instructional
strategies to support learning. However, combining them may not necessarily be effective.
Previous research on the combination of strategy instruction and feedback produced both
additive and reducing effects on learning. It is an open question whether and under which

conditions combining strategy instruction and feedback enhances students’ learning.

Aims: We investigated potential synergy and interaction effects of combining strategy
instruction and feedback on learning in physics, the underlying mechanisms, and their

generalizability (elaboration level of feedback, instructional sequence).

Sample: We conducted three online experiments (N1 =437, N> =310, N3 = 166) with

university students.

Method: In Experiment 1 and 2, in the learning phase, participants read a strategy
instruction or no instruction. In a subsequent practice phase, they solved troubleshooting
tasks on electric circuits and received either feedback or no feedback. In Experiment 3,
students were randomly assigned to one of three conditions (no intervention, learning

phase first, practice phase first). We used the same material for all experiments.

Results: In Experiment 1, we found no additive combination effects of strategy instruction
and corrective feedback. Surprisingly, for far transfer, corrective feedback reduced the
effect of prior instruction. Contrarily, in Experiment 2, we obtained additive effects by
combining strategy instruction with elaborated feedback. Experiment 3 showed that these

additive findings were irrespective of the instruction-feedback-sequence.

Conclusions: Our findings indicate that the elaboration level of feedback determines

whether combining instruction and feedback produces additive or reducing effects.

Keywords: strategy instruction, example-based learning, feedback, arousal, physics
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4.1 Introduction

In the course of the digital transformation, online learning environments have become
paramount in educational settings. Two frequently applied instructional interventions to
support students’ learning in online environments are strategy instruction and formative
feedback in subsequent practice phases. For instance, in the domain of electric circuits
troubleshooting, strategy instruction is given by providing a conceptional explanation about
Ohm’s law together with worked examples of how to solve electric circuit problems to help
students gain a robust understanding of a problem solving strategy with its different solution
steps (Renkl, 2014; van Gog et al., 2006, 2011; van Harsel et al., 2020). Additional practice
tasks in combination with feedback should help apply and transfer these strategies to
different, yet related problem-situations (e.g., Fyfe & Rittle-Johnson, 2016; Huitt et al.,
2009). From a pragmatic stance, it makes sense to combine strategy instruction and feedback
to maximize learning which is also reflected in state-of-the-art instructional design models
(e.g., Huitt et al., 2009; van Merriénboer et al., 2002). Previous research, which directly
examined combinations of strategy instruction and feedback, however, is scarce and, if
available, produced mixed findings as the combination of strategy instruction and feedback
yielded both additive (e.g., Salden et al., 2010) and reducing effects on learning (e.g., Fyfe
& Rittle-Johnson, 2016).

In this paper, we present data from three well-powered online experiments (N: =437, N2
= 310, N3 = 166), in which we systematically investigated effects of combining strategy
instruction and feedback on students’ learning. To test the generalizability of our findings,
we used different feedback formats (Experiment 1: corrective feedback, Experiment 2:
elaborated feedback), and experimentally varied the sequence of strategy instruction and
feedback to rule out potential sequence effect of their combinations (Experiment 3).

Additionally, in cases of reducing or non-additive effects (i.e., an instruction-by-feedback
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interaction), we investigated the underlying processes of combining strategy instruction and
feedback both from a cognitive, a metacognitive and an affective-motivational perspective

(Narciss, 2008).

4.2 Strategy Instruction

Strategy instruction is regarded as an effective means to foster cognitive skill acquisition
(Fyfe & Rittle-Johnson, 2016; Goldman, 1989). During strategy instruction the students are
explicitly taught the subject matter on how to apply distinct strategies to support problem
solving. To this end, strategy instruction often encompasses the use of worked examples
(e.g., Fyfe & Rittle-Johnson, 2016; Goldman, 1989; Kant et al., 2017; Salden et al., 2010).
Students first receive a short conceptual introduction that provides the basic conceptual
knowledge referring to the underlying principles and concepts of the problem (e.g., Ohm’s
law in the domain of physics; Renkl, 2005; Wittwer & Renkl, 2008). Afterwards, students
are provided with worked examples portraying the different solution steps leading to the
final solution whereby their design follows principles of example selection and sequencing
(Atkinson et al., 2000; Kant et al., 2017; Renkl, 2014; van Gog & Rummel, 2010).

From a cognitive load perspective, providing worked examples should reduce extraneous
processing so that cognitive capacity is freed for germane cognitive processes, such as
conceptual learning and elaboration (Kant et al., 2017; Renkl, 2014; van Gog & Paas, 2008).
The effectiveness of instruction based on example-based learning is well-documented in
several empirical studies (van Gog & Paas, 2008; see also Crissman, 2006; Hoogerheide &
Roelle, 2020; Kirschner et al., 2006; Magliaro et al., 2005; Renkl, 1997, 2014, for empirical
evidence). A recent meta-analysis in the domain of mathematics (Barbieri et al., 2023) also
documented the benefits of worked examples compared to no-examples (g = 0.48), based on

181 effect sizes.
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4.3 Feedback

In subsequent phases of skill acquisition, such as during practice phases, formative
feedback is regarded as further fundamental instructional supplement to deepen students’
learning (Graham et al., 2011, 2015; Hattie & Timperley, 2007; Narciss, 2012). Providing
learners with feedback has shown to be effective for enhancing their performance (Hattie &
Timperley, 2007) in both classrooms (e.g., Bangert-Drowns et al., 1991) and computer-based
learning environments (e.g., Mertens et al., 2022; van der Kleij et al., 2015). Feedback can
be considered as post-response instructional information about distinct aspects of a student’s
current performance or learning process to help the student to reduce discrepancies between
the actual performance and the targeted performance (Hattie & Timperley, 2007; Narciss,
2008). It can be used to assess (e.g., in form of grades or scales), as well as to diagnose (e.g.,
whether a learning goal has been achieved), or to evaluate (e.g., the level of students’
knowledge) performance regarding various success criteria (Hattie & Timperley, 2007;
Kluger & DeNisi, 1996). The most important purpose of formative feedback is to guide the
student to regulate and improve the further learning process (Hattie & Timperley, 2007,
Narciss, 2008, 2012; Shute, 2008).

Regarding the feedback information provided by an external source (e.g., computer-based
system), previous research investigated different types of feedback attributing different
functions of feedback. Narciss (2012) differentiated between outcome-related feedback
types, such as knowledge of result (KR), knowledge of correct response (KCR), or answer-
until-correct (AUC) feedback (see also corrective feedback, Fyfe & Rittle-Johnson, 2016;
Shute, 2008; lower-order feedback, Kuklick & Lindner, 2023; Mertens et al., 2022). These
feedback types are related to technical characteristics of feedback to generate more correct
responses. In order to improve incorrect responses, further information is often needed.
Therefore, more elaborated feedback (EF) types are used that provide more complex

feedback contents as compared to corrective or knowledge of result feedback (Kuklick &
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Lindner, 2023; Mertens et al., 2022; Narciss, 2012; Shute, 2008). The use of elaborated
feedback, which in addition to information on the correctness of the answer provides specific
guidance on how to close existing knowledge gaps, is regarded to further enhance the
effectiveness of feedback (Brooks et al., 2019; Hattie & Timperley, 2007; Mertens et al.,
2022; Shute, 2008).

For instance, in their meta-analysis (435 studies, £ = 994, N > 61,000 students),
Wisniewski et al. (2020) investigated whether the type of feedback (reinforcement /
punishment, corrective feedback, or elaborated feedback) moderated the effect of feedback
on students’ learning. Overall, the authors found a medium effect (d = 0.48) of providing
feedback on learning. This effect was more pronounced for elaborated feedback (d = 0.99, k
= 42 studies) than for corrective feedback (d = 0.46, k = 238 studies), or reinforcement /
punishment (d = 0.24, £ = 39 studies). Relatedly, Mertens et al. (2022) documented a
comparable pattern for computer-based feedback. Based on 163 effects from 77
experimental studies they investigated by conducting a network meta-analysis whether
different feedback types (KR, KCR, AUC, and EF compared with a no-feedback control
condition) had different effects on lower- (i.e., recall/recognition) and higher-order (i.e.,
transfer) learning performance. Their results show that elaborated feedback is most effective
to support learning (on lower-order: g = 0.71, p < .01, as well as on higher-order: g = 0.46,
p < .01). Correct response feedback turned out to be least effective (only on lower-order: g

=0.24, p = .026; higher order: g = 0.14, p = .345).

4.4 Combining Strategy Instruction and Formative Feedback

Given that strategy instruction and formative feedback separately are both effective to
support students’ learning, they are often combined in educational practice (Magliaro et al.,
2005; Rosenshine, 2008): Provided with strategy instruction, students should build a

consistent mental representation of the problem situation and the corresponding solution
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strategies. Receiving feedback during practice phases should further support the application
and transfer of the previously learned solution strategies. Alternatively, the interactive, two-
feedback-loop (ITFL) model by Narciss (2008) describes the implementation of feedback as
a reciprocal interplay between internal (learner) and external (feedback) factors (cf.
instructional medium) that may affect the effectiveness of feedback (see also Butler &
Winne, 1995; Hattie & Timperley, 2007; Hayes, 2012; Panadero & Lipnevich, 2022; Winne
& Butler, 1994, for related assumptions). Thus, alternatively, if prior strategy instruction
(external factor) is given in advance of a practice phase, students could be inclined to
undervalue the particular task requirements in the practice phase (see also illusion of
understanding, Renkl, 2014). These subjective representations of task requirements could
result in lower levels of processing of the feedback, both on the cognitive, metacognitive, or
motivational level (Narciss, 2008). Thus, the combination could result in worse performance
compared to the single interventions. Whether the combination of strategy instruction and
feedback contributes more or even less to learning than a single intervention is still an open
question.

Related evidence can be found in the synthesis by Salden et al. (2010). The authors
synthesized the effects of eight studies in which strategy instruction (i.e., worked examples)
and tutored problem solving comprising different feedback elements (e.g., prompts,
immediate feedback, and context-sensitive hints) were combined. Across those studies, the
findings indicated that adding strategy instruction to tutored problem solving contributed to
learning.

However, there are also contradictory findings. To explore the effects of differences of
prior strategy instruction and feedback, Fyfe and Rittle-Johnson (2016) provided elementary
students with strategy instruction about solving mathematical equivalence problems or with
control instruction. Afterwards, in a practice phase, students were asked to solve 12

structurally similar mathematical problems. One half of the elementary students received
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corrective feedback after each mathematical problem whereas the other half did not receive
feedback. The authors found a strategy-by-feedback interaction, as students only profited
from strategy instruction when no feedback was provided (see also Fyfe & Rittle-Johnson,
2017, for similar findings). In Experiment 2, Fyfe and Rittle-Johnson (2016) provided all
students with strategy instruction. Additionally, they varied whether students received no
feedback, immediate feedback, or summative feedback on the practice tasks. Again, no
feedback was more beneficial than providing feedback (see Shirah & Sidney, 2023, for
related evidence; see also Wischgoll, 2017, for related findings in academic writing).
Together, these findings provided initial evidence that combining strategy instruction and
formative feedback may not necessarily contribute to learning. Instead, they suggest that
combining strategy instruction and feedback can also reduce learning performance or at least
it has no additive effects (see also Kluger & DeNisi, 1996; Narciss, 2008; Shirah & Sidney,

2023).

4.4.1 Underlying Processes when Combining Strategy Instruction and
Feedback

In line with the ITFL-model (Narciss, 2008), Fyfe and Rittle-Johnson (2016) proposed
three non-mutually exclusive explanations for potential strategy instruction-by-feedback
interactions.

Regarding the cognitive factors, after receiving strategy instruction, learners’ subjective
representation of the task requirements and in consequence, learners’ processing of feedback
might change due to increases of cognitive load, as students have to process redundant
information of the strategy instruction and the feedback (Sweller et al., 2011).

Alternatively, regarding metacognitive factors, the provision of well-designed strategy
instruction could result in an overestimation of students‘ comprehension having potentially
down-side effects on the regulation of learning processes during subsequent practice phases

as well as on their performance (see Baars et al., 2013; Finn & Metcalfe, 2014).
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Last, regarding affective-motivational factors, the illusion of “feeling competent” may
contribute to a lower level of arousal, and as such may be not beneficial to learning (Eccles
& Wigfield, 2002; Grundmann et al., 2021; Kuklick & Lindner, 2023; Raaijmakers et al.,
2017). Arousal refers to a state of excitement varying from low (unexcited, relaxed, calm)
to high arousal (increased activation of the sympathetic nervous system; Arnsten, 2009;
Hoogerheide et al., 2019). Previous research showed that the arousal level depends on the
difficulty of the task or the valence of received feedback, that is, positive (i.e., the task was
solved correctly) or negative (i.e., students’ answer was incorrect) feedback (Efklides &
Dina, 2004; Kuklick & Lindner, 2023). Thus, the affective-motivational perspective may
particularly account in cases of negative feedback, as negative feedback may disengage
students (through failed improvements) and reduce learning performance (Grundmann et al.,
2021).

However, it has to be noted that the studies that found a reducing effect of combining
strategy instruction and feedback, predominantly applied lower-order feedback (Fyfe &
Rittle-Johnson, 2016; Wischgoll, 2017). Thus, it is an open question whether these findings
may generalize to more elaborated types of feedback. Therefore, the instruction-by-feedback
interaction could be simply a result of the combination of strategy instruction and lower-
order feedback, as lower-order feedback may not pose additional benefits regarding learning
gains, and thus result in extraneous processing (see Mitchell & Jolley, 2010, for a critical

discussion).

4.4.2 Sequence of Learning Phase and Practice Phase

Another aspect of the orchestration which might influence the combination of instruction
and feedback is the sequence in which these activities are arranged. Recent research on PS-
I (i.e., problem solving prior to instruction, see Kapur, 2012; and Loibl et al., 2017; Sinha &

Kapur, 2021, for an overview) argued that preponing practice phases, such as problem
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solving activities could enhance learning (see Sinha & Kapur, 2021, for meta-analytical
evidence). Besides other mediating factors, the ability to notice potential flaws in students’
understanding in an early stage of knowledge acquisition (Loibl & Rummel, 2014), is
discussed as one underlying process that could explain the effects of flipping practice phases
and instruction. Following Narciss (2008), flipping instruction and practice phases could
furthermore enhance students’ subjective representation of the task requirements, and thus
result in more elaborated processing of the feedback.

Previous research regarding the effectiveness of PS-I, however, produced mixed findings
(Kant et al., 2017; Loibl & Rummel, 2014; Sinha & Kapur, 2021; van Gog et al., 2011; van
Harsel et al., 2020). On the one hand, there is supporting evidence for flipping instruction
and practice phases: For instance, Sinha and Kapur (2021) conducted a meta-analysis of 53
studies including 166 effect sizes investigating the differential impact of the sequences
problem solving followed by instruction (PS-I) versus instruction followed by problem
solving (I-PS) on students’ procedural, conceptual knowledge, and transfer performance in
different domains. Their results showed a significant small to medium effect of PS-I (g =
36, 95% CI [0.20, 0.51]) regarding conceptual knowledge and transfer. Regarding
procedural knowledge, in line with previous research, the authors found no significant effect
(g=-.03,95% CI [-0.20, 0.15]).

On the other hand, there is contrasting evidence in the domain of worked examples. For
instance, van Gog et al. (2011) compared different sequences of instruction and practice
phases: The authors presented secondary students (N = 103) either instruction-only (i.e., by
providing worked examples), practice phase-only, instruction followed by a practice phase,
or a practice phase followed by instruction. The results showed that the instruction-only
condition and the instruction followed by a practice phase condition outperformed the
practice phase-only condition and the practice phase followed by instruction condition (see

also Kant et al., 2017, for related findings). However, whether these findings could be
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transferred to practice phases incorporating feedback is an open question. It can be assumed
that changing the sequence of instruction and feedback may contribute to learning. If
students are engaged in a practice phase at the beginning of their studying, they could be
more reliant on the additional feedback information to correctly solve the problems in the
practice phase. The subsequent instruction phase would then serve as additional scaffold to
consolidate the previously acquired strategies during the practice phase (see productive

failure approach, Kapur, 2008).

4.5 Overview of the Present Study

The main aim of the present study, that included three online experiments, was to
investigate potential (additive or reduced) effects of combining strategy instruction and
feedback on students’ physics learning in online environments. Throughout the experiments,
we used identical learning materials (i.e., strategy instruction, practice tasks with feedback)
to be able to compare findings across our experiments. In a multimedia learning
environment, the students were provided with strategy instruction based on worked
examples for solving electric circuits problems (Ohm’s law, see Hoogerheide et al., 2019).
In the practice phase, the students answered several practice tasks, in which they applied
Ohm’s law (by calculating the electric current) to different electric circuits.

The goal of Experiment 1 was to replicate a potential instruction-by-feedback interaction
effect (as Fyfe & Rittle-Johnson, 2016, found in the domain of mathematics) in the domain
of physics with corrective feedback. We used a 2x2-factorial design, crossing the two factors
strategy instruction (yes vs. no) and feedback (yes vs. no). Furthermore, based on the ITFL-
model by Narciss (2008), we tested for potential explanations regarding the underlying
cognitive (i.e., mental effort, subjective difficulty), metacognitive (i.e., monitoring accuracy)
and affective-motivational processes (i.e., arousal) accounting for additive versus reducing

effects of combining strategy instruction and feedback.
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Given that instruction-by-feedback interaction could depend on the elaboration of
feedback (external factor; Narciss, 2008), Experiment 2 aimed to generalize the findings and
examine the robustness of the obtained effects in Experiment 1 by using elaborated feedback.
In Experiment 3, we varied the sequence in which strategy instruction and feedback were
provided, that is a learning phase with strategy instruction followed by a practice phase
including feedback versus a preponed practice phase including feedback followed by a
learning phase with strategy instruction. This variation allowed us to investigate whether
instruction-by-feedback interaction may be a result of different sequences of strategy
instruction and feedback. Together, these experiments allow to rigorously examine the
underlying mechanisms and generalizability of combination effects of strategy instruction

and feedback.

4.6 Experiment 1

4.6.1 Research Questions and Hypotheses

We pre-registered our hypotheses on as.predicted (see https://aspredicted.org/tn6nx.pdf).

In line with previous evidence (Fyfe & Rittle-Johnson, 2016; Wischgoll, 2017), we
hypothesized a main effect of strategy instruction on students’ learning (Hypothesis 1a), as
strategy instruction should help students construct a solid mental representation of the
subject matter which should be conducive to learning. Regarding the effectiveness of
corrective feedback (Experiment 1), it was less clear what to expect. Based on previous
research, we can assume that different types of feedback should be differently effective (see
Experiment 2 for details). However, in previous studies (e.g., Fyfe & Rittle-Johnson, 2016)
on combination effects no significant main effect of feedback was obtained (which is in
contrast to the common literature on the effectiveness of feedback). Thus, we refrained from

making a clear prediction regarding main effects of feedback on learning.
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Additionally, based on Fyfe and Rittle-Johnson (2016), we hypothesized an instruction-
by-feedback interaction (Hypothesis 1b). Accordingly, the addition of feedback should
impair the effectiveness of strategy instruction. We also explored whether the findings on
transfer performance were robust for the underlying learning outcomes (i.e., near and far
transfer).

In case we find an instruction-by-feedback interaction effect, we aimed at exploring the
underlying processes of the potential instruction-by-feedback interaction from a cognitive, a
metacognitive, and an affective-motivational perspective (Narciss, 2008). Following a
cognitive perspective, we explored whether increases in cognitive load during the practice
phase may mediate the effect of instruction-by-feedback interaction on learning. We
therefore used subjective cognitive load ratings (i.e., mental effort, subjective difficulty) as
potential mediators. Concretely, we assumed that students who received both instruction and
feedback will experience an increase in cognitive load during the practice phase due to the
dual support compared to students who received only one type of support (strategy
instruction-only or feedback-only; Hypothesis 2a).

Following a metacognitive perspective, we also investigated whether students’
overestimations mediate this effect. We used monitoring accuracy ratings to calculate
students’ overestimations: Students who rated their prospective performance as being better
than their actual performance (self-estimated test performance > actual test performance)
were defined as overestimated judgements. Specifically, we hypothesized that students who
first received strategy instruction followed by feedback will perform worse than students
who only received feedback due to their overestimation (represented by positive values of
monitoring accuracy; Hypothesis 2b).

Last, following an affective-motivational perspective, we assumed that arousal mediates
the effect. We used subjective ratings of perceived arousal to test this assumption.

Concretely, we hypothesized that students who first received strategy instruction followed
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by feedback in the practice phase will show lower arousal levels, resulting in poorer
performance compared to students who received only feedback without any prior strategy

instruction (Hypothesis 2c¢).

4.6.2 Method

4.6.2.1. Participants

In total, 499 students from non-physics study programs of a German university
participated in the online experiment (which was approved by the local research ethics
committee). The students were recruited via a university mailing list. We excluded students
who were enrolled in physics, science and technology, or engineering (n = 29), whose native
language was not German (or whose language level in German was below C1; n = 0), or
who were not enrolled in any study program (r = 3). In addition, we only included those
participants who solved both attention checks (see section 2.2.3. Materials, for details)
correctly to be more restrictive (n = 21 failed at least one of the attention checks). Thus, the
final sample consisted of N =437 students.

The mean age of the students was 22.77 years (SD = 3.80) and 65% were female. The
students were on average in their 6.68 semester (SD = 4.74) and most of them were enrolled
in humanities (n = 168). The final sample size of 437 students exceeded the required sample
size of N = 157, which was based on an a priori power analysis for an ANCOVA with
interactions, expecting a medium to large effect size Cohen’s 1> = .08 (based on Fyfe &
Rittle-Johnson, 2016) and power (1 — B) = 0.95. The higher number of students in our
obtained sample resulted from an unexpected interest in our study (499 university students

within 5 hours).

4.6.2.2. Design

We conducted a 2x2-factorial design with strategy instruction (yes vs. no) and feedback

(yes vs. no) as between-participants factors. Participants were randomly assigned to one of
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four conditions (without strategy instruction and without feedback, n = 107; without strategy
instruction but with feedback, n = 111; with strategy instruction but without feedback, n =
112; with instruction and with feedback, n = 107).

We measured students’ performance in the practice tasks, as well as their performance in
the transfer tasks as dependent variables. Following the previously mentioned three different
(but not mutually exclusive) perspectives on the underlying processes of an instruction-by-
feedback interaction, we deliberately assessed subjective measures of cognitive load (mental
effort, subjective difficulty), monitoring accuracy, and affect (arousal, pleasure) as potential
cognitive, metacognitive and affective-motivational mediators. Furthermore, we collected
data on prior knowledge, academic self-concept, and intrinsic motivation to better describe

our online sample.

4.6.2.3. Materials

The entire experiment was presented with the online survey tool SoSci Survey

(https://www.soscisurvey.de/). Based on previous learning and test materials (Rhoneck,

1986; Urban-Woldron & Hopf, 2012; see also Hoogerheide et al., 2019; Ivanjek et al., 2021),
all the materials were carefully adapted by two experienced subject matter experts in physics
education.

Prior Knowledge. We used a pretest comprising eight multiple-choice items (e.g., “What
do you know about the total current in a parallel circuit?”’; Cronbach’s o for Experiment 1—
3:a1=0.56, 02=0.59, az = 0.53) where students were asked to select one correct solution
per item out of 4 possible options, adapted from commonly used test instruments in physics
education to assess students' conceptual understanding of electrical circuits (Rhoneck, 1986;
Urban-Woldron & Hopf, 2012; see also Hoogerheide et al., 2019; Ivanjek et al., 2021, for

related approaches). For each correct answer, students received one point, yielding a
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maximum score of eight points. We transformed the sum score to a proportion score (range:
0-1) by dividing the achieved points by the maximum points.
Strategy Instruction. In the learning phase, students were provided with either strategy

instruction or no instruction. The main aim of the strategy instruction was to enable students
to calculate currents in a parallel circuit on the basis of Ohm’s law in the form of I = %with

I referring to current, V to voltage, and R to resistance. Students needed to develop a
conceptual understanding of this subject matter to solve the subsequent practice tasks.
The strategy instruction consisted of a multimedia presentation comprising conceptual

13

information about the physical quantities “current”, “voltage”, and “resistance”, their
relationship in electric circuits based on Ohm’s law as well as how a parallel circuit is
constructed. A graphic representation of an electric circuit served to illustrate these abstract
physics concepts. To enhance the effectiveness of the multimedia presentation, we
considered general (multimedia) principles, such as signaling (Mautone & Mayer, 2001;
Richter et al., 2018), and added process-oriented information to enhance conceptual
understanding (van Gog et al., 2006, 2008; see also Lachner et al., 2019; see Figure 7a). In
the worked example, the general solution steps were modeled to provide a strategy, how the

current, displayed by the four ammeters in a parallel circuit (see Figure 7b), can be

determined by applying Ohm’s law (see Hoogerheide et al., 2019).
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Figure 7

Excerpt of the Strategy Instruction (Translated)

The parallel circuit

In a parallel circuit, the resistors, e.g. light bulbs, are arranged in such a way that the same potentials are applied to each of them
(compare color coding in Fig. 5). Note in particular that the voltage source maintains a constant potential difference, 1.e. regardless of
the number of light bulbs, the voltage of the battery is applied to resistors. In the following example, all the bulbs have the same
resistance.

a) b) c)
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Fig. 5. a) Simple circuit, b) Simple parallel circuit with identical bulbs; c) Parallel circuit with three identical bulbs.

Since the same voltage, i.e. the same potential difference, is applied to (identical) bulbs (see color coding in Fig. 5), the electric current
through all the bulbs is the same. The currents in example 5 c) are calculated as follows:
v v 14

I, =— I, = I. = —
1 R 3 R

__R:

The total current I,,.,, provided by the battery increases with each light bulb connected in parallel (cf. 2 A, 4 Aand 6 A in Fig. 5 ¢)) and
in a parallel circuit corresponds to the sum of the individual currents in the branches. Thus, for example 5 c), the total current is:

Lotar = I +1; +13

7a
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Example:

Read this example carefully.

V=5V
I 65 m.&i
Ry, = 10000
By)
Ry =500 02
B
Ry =1000Q
B3)

Determine the current in ammeters A1 to A4 in the circuit shown above.

The same voltage is applied to all resistors of the parallel circuit, i.e. the same potential differences (see color
coding). Depending on the respective resistors, these potential differences now cause an electric current in the
branches according to:

LY
R
AL L=V 5V oma L=l _ 5V soma
1T R T 100002 TR, T5000 :TR, 1000

The total current I,,,; measured in ammeter A4 results from the sum of the currents in the branches (I,, L, I5)
corresponding to:

Lt = 11 + 1, + 13
We therefore get:
Liotas = 5 mA + 10 mA 4+ 50 m4 = 65 m4

We thus get the following currents through the ammeters:

A1=5mA A2=10mA A3 =50 mA A4 =65 mA

7b

Note. Ta shows the excerpt of the strategy instruction about how a parallel circuit is
constructed and how the currents in the parallel circuit can be calculated using Ohm’s law.

7b shows the worked example applying this knowledge.

In the no-strategy instruction conditions students received a control group instruction (see
Figure 8; see Fyfe & Rittle-Johnson, 2016, for similar approaches). We included a control
instruction instead of comparing the strategy instruction to a plain control condition which

did not receive anything, to avoid potential differences regarding time-on-task (Mdckel et
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al., 2015). Differences in time-on-task may affect the overall amount of processing during
the cognitive tasks, and potential differences in learning (Boksem et al., 2005, 2006; Langner
et al., 2010; Lorist et al., 2000). Thus, holding time-on-task constant across condition can be
regarded necessary to avoid potential confounds (Kovanovi¢ et al., 2015; Mockel et al.,
2015).

Furthermore, we included a control instruction instead of another active treatment to be
able to reach conclusion about the effectiveness of the strategy instruction. When different
aspects of the instructions vary, we could not say with certainty whether the strategy
instruction is responsible for the effect (Renkl, 2014). That is why it is important to keep the
control instruction as constant as possible to the strategy instruction. To control for time-on-
task for all conditions and nevertheless to avoid producing another treatment effect, we
created a control instruction which would not influence the effect on task performance
regarding the content (since the required information to solve the tasks was not included)
but kept all other factors as constant as possible to the strategy instruction.

The control group instruction was comparable to the strategy instruction regarding text
structure, schematics to illustrate the described contents, worked example, and terminology.
The control group instruction also comprised a multimedia presentation (see Figure 8a) and
a worked example (see Figure 8b). The contents of the strategy instruction and the control
group instruction were divergent as students who received the control instruction were not
introduced to Ohm’s law or to the calculation of currents in a parallel circuit. Instead, the
control instruction provided information about the invention of the battery and the effects of
electric current. How to calculate currents in a parallel circuit was not explained in the
multimedia presentation or in the worked example. Thus, the control instruction was not
target-oriented for the following practice tasks but was only provided due to time-on-task

constraints (see also Fyfe & Rittle-Johnson, 2016).
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Figure 8

Excerpt of the Control Instruction for the No-Instruction Condition (Translated)

Effects of the electric current
You cannot see an electric current. But there are signs that an electric current is flowing. This is because it can have different effects.

Probably the most obvious effect that can be observed is the light effect. When we switch on a light bulb, electricity flows through the
light bulb and emits light. In other words: The light bulb becomes bright because of the current. In the process, the energy of the
electric current is converted into light.

In old incandescent light bulbs, the current flows through a very thin wire, which subsequently heats up strongly. The glow of the wire
causes light to be emitted. But this thermal effect of the electric current can also be used in other ways. For example, wires in irons or
toasters are explicitly made to glow in order to use the generated heat.

In 1820, the physicist Hans Christian Oersted discovered the magnetic effect of electricity. In an experiment, he noticed that
conductors with current flowing through them deflected magnetic needles in their vicinity. A magnetic field forms around a conductor in
which a current flows. The magnetic field lines are arranged in concentric circles perpendicular to the conductor. This effect is used, for
example, to lift heavy pieces of iron with an electromagnet.

Here, the right-fist rule applies: Grasp a conductor with your right fist so that the thumb points in the direction of the electric current
(from + to -). Then the curved fingers indicate the direction of the magnetic field lines.

Anocther effect of electric current is that it can cause a chemical reaction. For example, electric current can be used to make water
split into hydrogen (Hz) and oxygen (Oz). In the car industry, body parts are electrified during production to coat them with zinc, for
example, to protect them from rust.

Note: Electric current can be recognized by its effects. There is the light effect, the heat effect, the magnetic effect and the chemical

effect.
8a
Example: battery
What effects of the electric current can be seen in the circuit on the right? | ‘ *
1

Solution: ‘

The magnetic effect of the electric current can be seen in the leads from the positive

terminal of the battery to the incandescent light bulb and back to the negative terminal of

the battery. ®

In the light bulb, both the heat effect of the electric current and, as a result of the strong

heating, the light effect of the current occurs. '“?,a?]?%sfsm
ig u

8b

Note. 8a shows the excerpt of the control instruction about effects of electric current. 8b

shows the worked example illustrating this knowledge.

Materials in the Practice Phase. The practice phase comprised two isomorphic practice
tasks and additionally corresponding feedback in the feedback conditions. We have chosen
this design because first, previous research showed that a restricted number of practice tasks
were sufficient to foster students’ learning. For example, Hoogerheide et al. (2019), whose
material we adapted, only implemented one practice task. This decision is in line with
findings by van Harsel et al. (2020), who showed that more (i.e., eight) tasks do not

necessarily lead to more learning than fewer (i.e., four) tasks. Additionally, the use of a
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restricted amount of closed-ended questions is often used for rapid assessments in online
learning environments (cf. Kalyuga, 2006; Kalyuga & Sweller, 2004). Second, we aimed at
reducing the drop-out risk (cf. attrition bias, Nunan et al., 2018) caused by the online study
setting and the length of the questionnaire (Galesic, 2006; Hoerger, 2010). Thus, we decided
to realize an effective and parsimonious implementation of guided practice and used two
practice problems. Students answered these two isomorphic (i.e., analogous problem solving
strategy, different surface features) practice tasks (Cronbach’s a for Experiment 1-3: a1 =
0.47, a2=0.56, a3 = 0.56) in which they had to determine the currents by applying Ohm’s
law. Therefore, students had to select the correct solution from four alternatives. The
distractors were based on common misconceptions students hold regarding currents (see
McDermott & Shaffer, 1992; Schecker et al., 2018, for examples). The performance on the
practice tasks was again transformed to proportion scores (range: 0—1).

We have chosen the multiple-choice test format (i.e., for the practice and transfer tasks)
for several reasons: First, previous research showed that multiple-choice questions are at
least as effective as other formats in consolidation phases (e.g., short-answer test; Adesope
etal., 2017; Yang et al., 2021) as well as in combination with prior instruction (Ozuru et al.,
2007).

Second, multiple-choice questions are frequently used in online learning environments
combined with feedback because multiple-choice questions provide an easy as well as time-
and resources-saving opportunity to analyze students’ answers objectively and automatically
by a computer-based system (Epstein et al., 2002; Guo et al., 2014; Kuechler & Simkin,
2003; Shin et al., 2019). That allows to provide immediate formative feedback to all students
simultaneously which can increase students’ self-regulation, learning gain, and motivation
(Allen et al., 2016; Epstein et al., 2002; Guo et al., 2014; Shute, 2008). Thus, we used this
advantage and provided students in the feedback conditions with immediate, corrective

feedback by giving them information about whether their chosen answer was correct or not
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(Hattie & Timperley, 2007). Additionally, they received a brief justification why the selected
answer was correct (see Figure 9a for the positive feedback) or why the chosen answer was
incorrect (see Figure 9b for the negative feedback; KCR; Narciss, 2012). Through this short
justification, students had the opportunity to expand or to consolidate their knowledge and

to benefit from the feedback, even if they had chosen the correct answer.

Figure 9

Example of Feedback for Practice Task I (Translated)

Determine the amperage by ammeters A1 to A4 in the circuit shown above.
® [1=1Ip=20 mA and /3 =40 mA and /4 = 80 mA

Oly=lp=13=14=80mA

Ol4=40mA and /> =20 mA and /3 =20 mA and /4 = 0 mA

Clh=10mAand /b =5mAand /I3=1mAand /4 =16 mA

Your answer is correct! & The voltage V = 20 V of the battery is applied to all resistors, but the resistance values differ. The currents
through the individual resistors are given by / = VIR. The total current in Ay is the sum of the currents through the individual resistors.

9a

Determine the amperage by ammeters A1 to A4 in the circuit shown above.
O/l1=12=20 mA and /3 =40 mA and /4 = 80 mA

® l1=Ilp=13=14=80mA

O/1=40mA and I =20 mA and /3 =20 mA and /4 = 0 mA

Olh=10mAand /lp=5mAand /3=1mAand I =16 mA

Your answer is wrong ¥ because the current is not the same in all parts of a parallel circuit! The voltage V = 20 V of the battery is
applied to all resistors, but the resistance values differ. The currents through the individual are given by / = V/R. The total current in Ay
is the sum of the currents through the individual resistors. Thus, the correct answer would have been /4 = I =20 mA and /3 = 40 mA
and /4 = 80 mA.

9b
Note. 9a shows the positive feedback students received if their chosen answer was correct.

9b shows the negative feedback students received if their chosen answer was incorrect.

Learning Outcomes (Posttest). Students’ learning outcomes were assessed with four
transfer tasks: two near transfer tasks and two far transfer tasks (McDonald’s o for overall

transfer in Experiment 1-3: @1 = 0.57, @ 2 = 0.56, @3 = 0.49). We adapted the transfer
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instruments by Hoogerheide et al. (2019). To this end, the near transfer tasks were
isomorphic to the problems from the practice tasks (i.e., “Determine the amperage by
ammeters Al to A4 in the electric circuit shown above”; Cronbach’s o for Experiment 1-3:
a1 =0.60, 02=0.57, az= 0.67) but based on different variable values. In the second task the
circuit diagram was rotated. In the far transfer tasks, the students had to transfer their
knowledge to different circuits with a different number of ammeters or different resistors:
The first far transfer task was similar to the second near transfer task (rotated diagram) but
with an additional ammeter. The second far transfer task seemed like the practice tasks and
the first near transfer task with four ammeters but with a variable resistor. Since these two
transfer items covered different facets of far transfer (additional ammeter, different type of
resistance), it can be expected that the reliability would be insufficient (Cronbach’s a for
Experiment 1-3: a1 < 0.20). Therefore, we conducted multilevel analyses as the items were
nested within person (see section 4.6.2 Results).

Similar to the practice tasks, for each transfer task, students had to select the correct
solution from four alternatives. The distractors were based on common misconceptions

students hold regarding currents (see McDermott & Shaffer, 1992; Schecker et al., 2018, for
examples). Students received one point per correct answer, resulting in a total score of 4

points for the transfer tasks. Again, we transformed the total score to a proportion score
(range: 0—1). To explore, whether our findings were robust among knowledge facets, we also
provide separate explorative analyses for the near and far transfer test components.
Perceived Cognitive Load. Students’ perceived cognitive load was measured by
subjective ratings of students‘ invested mental effort (“How much mental effort did you
invest in studying the instruction/completing the task?”’; Jacob et al., 2020; Paas, 1992), and
their subjectively perceived task difficulty (“How difficult was it for you to understand the

instruction/solve the task?”; DeLeeuw & Mayer, 2008; Jacob et al., 2020) after the learning
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phase and after the practice phase on a Likert-scale from 1 (not difficult at all) to 9 (very
difficult).

Monitoring Accuracy. To investigate potential differences of students’ monitoring
accuracy, students judged their expected performance on tasks about electric circuits (“How
confident are you that you can solve tasks on the topic of electric circuits correctly?”; Eitel,
2016; Jacob et al., 2020; Nelson et al., 1994) on a scale from 0% (not at all confident) to
100% (very confident). Students rated their judgement of learning 3 times (i.e., before the
pretest, after the learning phase, and after the practice phase). As in previous research, we
operationalized monitoring accuracy as the difference between students' actual transfer
performance and their prospective judgements of learning they have delivered after the
learning phase (Eitel, 2016; Finn & Metcalfe, 2014). An overestimation of students’ judged
performance occurred when the values were positive, an underestimation occurred when the
values were negative. A value of zero indicated correct assessment.

Affective Measures. We used the affective slider by Betella and Verschure (2016) to
assess students’ perceived arousal on a continuous scale from 1 (sleepy/bored) to 9 (wide
awake/concentrated) and their perceived pleasure on a continuous scale from 1 (sad) to 9
(happy) as potential proxies for students’ current affective states® while learning.

Additional Control Measures.

Academic Self-Concept. As students’ academic self-concept could impact their
performance, we assessed their self-concept in the domain of physics by using five items
(e.g., “I am good at physics.”, “Physics is easy for me.”, adapted from Gaspard et al., 2015,

2018; McDonald’s ® =.93) on a 4-point Likert-scale from 1 (does not apply at all) to 4 (fully

applies).

3 We also measured perceived usefulness of the feedback during the practice phase as another indicator of
students’ motivational states (Eccles & Wigfield, 2002). However, due to technical issues, the scale was only
visible for two of the four conditions. We, therefore, did not consider it in Experiment 1.
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Intrinsic Motivation. We measured students’ intrinsic motivation and interest in physics
with five items (e.g., “I enjoy physics.”, “I am interested in physical topics.”, adapted from
Gaspard et al., 2015, 2018; based on Pekrun et al., 2002; McDonald’s ® = .89) on a 4-point
Likert scale from 1 (does not apply at all) to 4 (fully applies).

Attention Checks. In our experiment, we included an attention check before and after the
practice phase to control for students' attention while completing the online experiment and
increase quality of the obtained data and implementation fidelity (see also Hauser &
Schwarz, 2016; Oppenheimer et al., 2009, for related approaches). Students were asked to
fill in two missing numbers in a very simple 4x4 Sudoku. Instructions about how to solve a

Sudoku were provided beforehand.

4.6.2.4. Procedure

At the beginning, we informed the students about the aim of the experiment. After
providing their written consent, students answered the demographic questionnaire (i.e.,
demographics, academic self-concept, intrinsic motivation, current arousal, pleasure, and
their first judgement of learning). Afterwards, all students answered the pretest. Then, the
students were randomly assigned to one of the four conditions (without strategy instruction
and without feedback, without strategy instruction but with feedback, with strategy
instruction but without feedback, with both strategy instruction and feedback). In the
learning phase, students randomly read one of the two versions of the multimedia instruction
(strategy instruction vs. no instruction), and assessed their perceived mental effort,
subjective difficulty, second judgement of learning, and their current arousal and pleasure.
After the first attention check in the practice phase, students solved the two practice tasks,
students in the feedback conditions additionally received feedback (see Figure 9). After the
practice phase, all students again rated their perceived mental effort, subjective difficulty,

third judgement of learning, current arousal, and current pleasure. After completing the
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second attention check, all students solved the posttest. The study lasted about 30 minutes

and was rewarded with 6 Euros (= 6 $).

4.6.3 Results

As effect size measures, we used partial nf, with qualifying values of ny = .01, .06, .14 as
small, medium, and large effects (Cohen, 2013). Moreover, we used an alpha level of a =
.05. In cases of computing generalized mixed effect models, as estimation method, we used
maximum likelihood (Laplace approximation), logit as the link function, and Akaike

information criterion (AIC), Bayesian information criterion (BIC), and Log likelihood

(LogLik) as goodness-of-fit method (cf. Bono et al., 2021).

4.6.3.1. Preliminary Analyses

Initial boxplot analyses indicated no extreme outliers. Correlations between prior
knowledge, the dependent variables and the mediation variables are presented in Appendix
A. Separate analyses of variance (ANOV As) showed that conditions did not differ regarding
academic self-concept, F(3, 433) = 1.36, p = .253, nlz, = .01, intrinsic motivation, F' < 1,
baseline arousal, F(3, 433) = 1.75, p = .155, n; = .01, baseline pleasure, F(3, 433) = 1.60, p
= .189, n; = .01, baseline monitoring accuracy, F(3, 433) = 1.64, p = .179, n; = .02, prior
knowledge, F' < 1, and time-on-task, F(3, 433) = 1.02, p = .385, n; = .01. The descriptive

values of all measurements can be seen in Table 8.
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Means and Standard Deviations for all Measurements in Experiment 1

Experiment 1

Without instruction,

Without instruction,

With instruction,

With instruction,

Variables without feedback with feedback without feedback with feedback
(n=107) (n=111) (n=112) (n=107)

Pretest
Prior knowledge (0-1) 0.60 (0.22) 0.59 (0.21) 0.59 (0.21) 0.58 (0.22)
Practice phase
Practice tasks (0-1) 0.61 (0.39) 0.63 (0.38) 0.75 (0.37) 0.69 (0.37)
Posttest
Transfer tasks (0-1) 0.56 (0.29) 0.61 (0.30) 0.62 (0.28) 0.65 (0.29)
Near transfer tasks (0—1) 0.74 (0.36) 0.74 (0.39) 0.71 (0.37) 0.81 (0.33)
Far transfer tasks (0-1) 0.38 (0.32) 0.47 (0.34) 0.53 (0.33) 0.50 (0.36)
Mediator variables
Mental effort (after instruction) (1-9) 5.36 (1.69) 5.50 (1.95) 5.70 (1.84) 5.61 (2.06)
Mental effort (after practice phase) (1-9) 5.78 (1.95) 5.49 (2.19) 5.17 (1.88) 4.96 (2.01)
Subjective difficulty (after instruction) (1-9) 3.66 (2.17) 4.60 (2.39) 4.68 (2.44) 4.77 (2.52)
Subjective difficulty (after practice phase) (1-9) 6.27 (2.46) 5.37 (2.61) 4.93 (2.64) 4.28 (2.55)
Monitoring accuracy (baseline) (—100%—100%) 13.67 (24.96) 6.36 (24.43) 9.39 (24.86) 10.29 (23.77)
Monitoring accuracy (after instruction) (—100%—100%) —15.83 (38.78) —26.52 (39.42) —36.40 (40.71) —28.69 (36.99)
Monitoring accuracy (after practice phase) (—100%—100%) —11.16 (30.41) —24.50 (35.30) —23.68 (34.74) —24.95 (30.32)
Arousal (baseline) (1-9) 5.13 (1.80) 4.65 (1.84) 5.09 (1.71) 4.81(1.91)
Arousal (after instruction) (1-9) 5.10 (1.64) 4.86 (1.70) 5.10 (1.90) 5.02 (1.86)
Arousal (after practice phase) (1-9) 5.15(1.84) 5.14 (2.01) 5.09 (2.03) 5.21(1.97)
Pleasure (baseline) (1-9) 6.05 (1.67) 5.57 (1.78) 5.77 (1.71) 5.64 (1.80)
Pleasure (after instruction) (1-9) 5.95 (1.66) 5.54 (1.70) 5.83 (1.65) 5.63 (1.64)
Pleasure (after practice phase) (1-9) 5.81 (1.67) 5.61 (1.74) 5.80 (1.75) 5.69 (1.71)
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Without instruction,

Without instruction,

With instruction, ~ With instruction,

Variables without feedback with feedback without feedback with feedback
(n=107) (n=111) (n=112) (n=107)
Control variables
Self-concept (1-4) 2.38(0.76) 220 (0.81) 2.21(0.70) 2.29 (0.69)
Intrinsic motivation (1—4) 2.55(0.73) 2,50 (0.73) 2.45(0.73) 2.48 (0.65)

Time in total (in seconds)

1214.01 (420.32)

1321.59 (526.60)

1273.79 (509.66)  1240.95 (453.03)
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4.6.3.2. Performance on the Practice Tasks

We aimed to explore potential differences in students’ performance and to examine
potential main effects of strategy instruction or feedback, or an interaction effect of both
interventions. We realized generalized mixed effect models applying binary logistic
regressions with participants as random factor, instruction, feedback and the interaction of
instruction and feedback as fixed factors and students’ performance on the practice tasks as
the dependent variable nested within participants (and repeated because of two scores on
practice tasks). Additionally, we controlled for students’ prior knowledge.

The multilevel analysis showed a significant main effect of strategy instruction, indicating
that students who received strategy instruction solved the practice tasks better than students
who did not receive the strategy instruction. There was no main effect of feedback and no

significant interaction effect (see Table 9 for the entire test statistics)®.

4 As pre-registered, we also conducted separate ANCOVAs for each of the learning outcomes with strategy
instruction (yes vs. no) x feedback (yes vs. no) as between-participants factors, students’ respective task
performance as dependent variable and controlled for students’ prior knowledge included as covariate. Since
the reliability of some of the outcome variables were insufficient (Cronbach’s o < .50), we applied multilevel
analysis as additional safeguard. To be succinct, we decided to only report the results of the multilevel
analyses. If the ANCOVASs and the multilevel analyses produced different effects, we explicitly marked them
in the body text. The entire findings of the ANCOVAs can be seen in Appendix B.
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Table 9
Results of the Multilevel Analysis Exploring the Effects of Feedback, Strategy Instruction, and its Interaction on Students’ Practice Tasks,

Overall, Near, and far Transfer Performance in Experiment 1

Variables Estimate SEb p

Practice tasks

Strategy Instruction .89 0.30 .003

Feedback 12 0.28 677

Interaction -.45 0.41 264
Transfer tasks (overall)

Strategy Instruction .68 0.22 002

Feedback .39 0.22 .071

Interaction -.52 0.31 .089
Near transfer

Strategy Instruction —-.05 0.32 .872

Feedback .01 0.32 974

Interaction 31 0.46 .502
Far transfer

Strategy Instruction 73 0.21 001

Feedback 46 0.21 .033

Interaction —.60 0.30 .044

Note. Significant p-values are highlighted in bold letters.
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4.6.3.3. Performance on the Transfer Tasks
We applied the same multilevel analysis as regarding students’ performance on the
practice tasks but now with students’ performance on the transfer tasks as dependent
variable. In line with Hypothesis la, we obtained a significant main effect of strategy
instruction. The main effect of feedback, as well as the instruction-by-feedback interaction

effect were not significant (see Table 9).

4.6.3.4. Additional Explorative Analyses

To explore differences between near and far transfer, we additionally conducted
explorative separate analyses for near and far transfer to investigate whether instruction and
feedback had differential effects on near and far transfer. Therefore, we followed the same
procedure but first with students’ performance in the near transfer tasks as the dependent
variable of the multilevel analysis and in a second separate multilevel analysis students’
performance in the far transfer tasks as the dependent variable.

Regarding students near transfer performance as the outcome variable, the results of the
multilevel analysis showed that there were no significant main effects neither for strategy
instruction nor for feedback, as well as no significant interaction effect (see Table 9). We
did not obtain significant differences among conditions, F(3,433)=1.51,p =212, n% =.01.

In contrast to near transfer, regarding far transfer, we obtained a significant main effect
of strategy instruction (see Table 9), indicating that students who received strategy
instruction but no feedback (M = 0.53, SD = 0.33) outperformed students who received
neither strategy instruction nor feedback (M = 0.38, SD = 0.32, p = .005, d = 0.46).
Furthermore, we found a significant main effect of feedback (see Table 9), indicating that
students who received feedback outperformed students who received no feedback. However,
the main effect of feedback seemed to be not that robust, as the effect was not significant,

when we performed an ANCOVA (see Appendix B).
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Regarding the interaction effect of strategy instruction and feedback, the multilevel
analysis obtained a significant instruction-by-feedback interaction effect on students’ far
transfer performance (see Table 9).

To break up the significant interaction, we conducted simple effect analyses regarding far
transfer. They revealed that when there was no feedback provided, the presence of strategy
instruction significantly improved far transfer test performance (p = .007; receiving strategy
instruction: M = 0.53, SD = 0.33; without strategy instruction: M = 0.38, SD = 0.32). By
contrast, when participants received feedback, there was no effect of strategy instruction (d
= 0.09, p = .861; receiving strategy instruction: M = 0.50, SD = 0.36; without strategy
instruction: M = 0.47, SD = 0.34). Together, the findings suggest that strategy instruction
had an effect on learning only when no additional feedback was provided. An instruction-
by-feedback interaction only emerged for higher-order learning outcomes (i.e., far transfer).
The results further suggested that additional corrective feedback had no additive effect on
the far transfer performance.

To explore the underlying processes which could explain the significant instruction-by-
feedback interaction effect on far transfer, based on our pre-registration and the ITFL-model
(Narciss, 2008), we explored cognitive (i.e., mental effort, subjective difficulty),
metacognitive (i.e., monitoring accuracy), and affective-motivational processes (i.e.,
arousal, pleasure) by applying separate simple mediation analyses with one of the mediator
variables each. We represented the instruction-by-feedback interaction by creating a new
variable named “interaction” which we included as contrast-coded predictor in the regression
model (Rosnow & Rosenthal, 1996; Wiens & Nilsson, 2017). We assigned the following
contrast weights of the interaction variable according to our theoretical assumptions: —1 =
without instruction without feedback, 1 = without instruction with feedback, 1 = with
instruction without feedback, —1 = with instruction with feedback (cf. Lachner et al., 2020).

Students’ far transfer performance was the dependent variable. We used the PROCESS
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macro (Version 4) in SPSS (Hayes, 2018) with bootstrapped 95% confidence intervals
(10,000 bootstrap samples). None of the univariate mediation analyses approached
significance (Appendix C shows the results of all mediation analyses).

In a next step, we conducted additional moderated mediation analyses including valence
as moderator variable, as indicated by students‘ performance on the practice tasks, following
theoretical suggestions of Grundmann et al. (2021) that negative feedback in particular (i.e.,
feedback, when the answer was incorrect) could largely affect the proposed mediators (see
also Eccles & Wigfield, 2002; Kalyuga & Sweller, 2014; Kluger & DeNisi, 1996;
Raaijmakers et al., 2017) and reduce learning performance due to students’ disengagement.

Based on these theoretical assumptions, we performed moderated mediation analyses in
which a moderator (i.e., W = valence) moderates the a-path of the mediation model
(independent variable to mediator) but not the c¢’-path (direct effect) based on Model 7 of
Hayes’ (2018) PROCESS macro for SPSS. Interestingly, we found a significant effect of
arousal, b = 0.01, SEv = 0.00 (95%, CI [0.0005, 0.0154]; see Figure 10), as zero was not
included in the confidence interval. More precisely, valence moderated the effect of
interaction on arousal, suggesting that depending on the experimental condition (instruction
only, feedback only, both, or neither), students' valence differed. This affected student
arousal and, subsequently, far transfer. None of the other moderated mediation analyses
revealed significance (see Appendix D). In summary, the results indicated that the
instruction-by-feedback interaction may result in far transfer tasks due to lower levels of
arousal. This effect, however, only held for students who received negative feedback during

the practice phase.

143



Experiment 1

Figure 10
Moderated Mediation Analysis Regarding the Impact of the Valence of Feedback and

Students * Arousal

Valence of Feedback
(Performance in Practice Tasks)
Arousal
- "= .01*
Instructlon-by-_Feedback ¢ »| Far Transfer Performance
Interaction c= 03%

Note. *p < .05.

4.6.4 Discussion

In Experiment 1, in line with Hypothesis 1a, we found a main effect of strategy instruction
on students’ learning outcome. Overall, we did not obtain a main effect of feedback or an
instruction-by-feedback interaction effect on students’ transfer performance. More fine-
grained exploratively analyses in which we investigated students’ near and far transfer
performance revealed a significant instruction-by-feedback interaction for far transfer. The
combination of strategy instruction and feedback did not contribute more to learning than
the single interventions (cf. Shirah & Sidney, 2023, for related findings).

Further analyses of the underlying processes of the instruction-by-feedback interaction
were rather in line with our affective-motivational assumptions. Students who received
strategy instruction and negative feedback perceived lower levels of arousal during the
feedback. Lower levels of arousal were associated with lower far transfer performance. This
pattern, however, only emerged for students who received negative feedback in the practice

phase.
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The findings of Experiment 1 therefore suggest that instruction-by-feedback interactions
only emerge under distinct conditions, namely when corrective feedback was used, only with
regard to high-level learning outcomes (i.e., far transfer), and for students who received
negative feedback, as they perceived lower levels of arousal. As in the study by Fyfe and
Rittle-Johnson (2016), in Experiment 1, we realized rather parsimonious feedback, as
students only received corrective feedback and a short-answer explanation, as to why their
solution was (in-)correct.

The interaction effect can be explained by students’ arousal as a consequence of negative
feedback, as similar to recent research by Kuklick and Lindner (2023), the task performance
(i.e., valence) moderated the emotional impact of feedback (i.e., arousal). Grundmann et al.
(2021) also showed that negative feedback can lead to motivated disengagement, which
hinders performance improvements. Thus, the arousal resulting from the negative feedback
could have led to loss of motivation and feedback disengagement, which could be another
explanation for the reducing effect.

Kuklick and Lindner (2023) found that after correct response feedback, students reported
more negative emotions than when, for example, elaborated feedback was provided.
Furthermore, their findings showed that elaborated feedback increased the perceived
usefulness. It is unclear whether the effects of Experiment 1 would replicate (with more
robust effects) in settings in which more elaborated feedback is provided. When students
would receive more specific information in the feedback, the perceived utility of the
feedback and the associated arousal could increase, which could result in higher levels of

test performance (Shute, 2008), and a reversal into an additive combination effect.

4.7 Experiment 2

In Experiment 2, we aimed at generalizing the previous findings to more elaborated

feedback (see section 4.7.1.2 Design and Material). We hypothesized a main effect for
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instruction (Hypothesis 1a) and a main effect for elaborated feedback (Hypothesis 1b).

Furthermore, we hypothesized an instruction-by-feedback interaction effect (Hypothesis 2).

4.7.1 Method

4.7.1.1. Participants

In total, 417 students from non-physics study programs of a German university
participated in Experiment 2. We applied the identical exclusion criteria of Experiment 1
(students who were enrolled in physics, engineering, science and technology, or technics: n
= 23; students who failed both attention checks: n = 4; students who were not enrolled in
study programs: n = 3). In addition, to obtain robust estimates, we excluded students who
had taken physics, technology and science, or technics as a major subject in high school to
ensure that the sample consists of novice students (n = 46). We further excluded students
who had already participated in the first experiment (n = 18). And we only included those
students who solved both attention checks correctly (n = 13 failed at least one of the two
attention checks). Thus, the final sample comprised N =310 students as scheduled. The mean
age of the students was 22.95 years (SD = 3.63) and 67% were female. The students were
on average in their 7.19 semester (SD = 4.84) and most of them were enrolled in humanities
in at least one subject (n = 169). The students were comparably distributed among conditions
(without instruction without feedback, n = 81; without instruction with feedback, n = 77;

with instruction without feedback, n = 78; with instruction with feedback, n = 74).

4.7.1.2. Design and Material
We implemented a 2x2-factorial design with strategy instruction (yes vs. no) and
feedback (yes vs. no) as between-participants factors. Participants were randomly assigned
to one of four conditions (without strategy instruction and without feedback, n = 81; without
strategy instruction but with feedback, n = 77; with strategy instruction but without feedback,

n = 78; with instruction and with feedback, n = 74).
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We used the same material as in Experiment 1 except for the feedback, which was
provided also on the process level (Hattie & Timperley, 2007; Narciss, 2013). Students were
provided with remedial explanations to additionally enhance their conceptual understanding:
Thus, in the feedback the underlying physics principles (i.e., how voltage, resistances and
currents are related in a parallel circuit and how to calculate the different partial currents on
the basis of voltage and resistances) were explained. Additionally, we showed the correct
calculations to enhance their procedural understanding (see Figure 11). Thus, the feedback
comprised more specific information regarding about which solution steps to perform, and
in what order, to solve the task correctly, and thus constitutes one possible form of elaborated

feedback (Shute, 2008).

Figure 11
Example of Negative Feedback of Practice Task I in Experiment 2, if the Answer was

Incorrect (Translated)

Determine the amperage by ammeters A1 to A4 in the circuit shown above.
Ol1=1p=20 mA and /3 =40 mA and /4 = 80 mA

® l1=Ip=13=1I4=80mA

O/1=40mA and / =20 mA and /3 =20 mA and /4 = 0 mA

Ol4=10mAand b =5mAand /3=1mA and /4 = 16 mA

Your answer is wrong! 3 The voltage V = 20 V of the battery is applied to all resistors, but the resistance values differ. This means
that the current in the individual resistors can differ. In the branch of A1 and Ay, the resistance is 1000 Q in each case, so / = V/R
results in a current of /1 = 20 V/moo o =20 mA in each case. At the resistor in the third branch with 500 Q, the corresponding current is
I3= 20 V/500 a =40 mA. The total current in A4 resluts from the sum of the currents through the individual branches of the parallel
circuit. Ig =11 + Ip + I3 =20 mA + 20 mA + 40 mA = 80 mA. Thus, the correct answer would have been I4 = [ =20 mA and /3 = 40 mA
and /4 = 80 mA.

Perceived Utility of the Practice Phase. Another modification was that all students
indicated their perceived utility of the practice phase (inclusive feedback). To assess the
utility of the practice phase, we used five items (e.g., “I have considered the practice phase
to be helpful”; McDonald’s o = .81) based on Gaspard et al. (2015) on a scale from 1 (not

at all useful) to 9 (very useful).
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4.7.1.3. Procedure

The procedure was the same as in Experiment 1.

4.7.2 Results

4.7.2.1. Preliminary Analyses

Initial boxplot analyses indicated no extreme outliers. Correlations between prior
knowledge, the dependent variables and the mediation variables are presented in Appendix
E. As in Experiment 1, students were comparable among conditions regarding their
academic self-concept, /"< 1, intrinsic motivation, F(3, 306) = 1.06, p = .364, n5; = .01, their
baseline arousal, F(3, 306) = 1.29, p = .279, n; = .01, their baseline pleasure, F(3, 306) =
2.27, p=.080, n; = .02, their baseline monitoring accuracy, F(3, 304) = 1.46, p = 226,17 =
.01, their prior knowledge, F(3, 306) = 1.70, p = .167, n5, = .02, and regarding time-on-task,

F < 1. The descriptive values of all measurements can be seen in Table 10.
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Table 10

Means and Standard Deviations for all Measurements in Experiment 2

Experiment 2

Without instruction,

Without instruction,

With instruction,

With instruction,

Variables without feedback with feedback without feedback with feedback
(n=281) (n=177) (n=18) (n=174)

Pretest
Prior knowledge (0-1) 0.28 (0.12) 0.31 (0.10) 0.27 (0.14) 0.29 (0.12)
Practice phase
Practice tasks (0-1) 0.60 (0.43) 0.69 (0.36) 0.72 (0.38) 0.74 (0.35)
Posttest
Transfer tasks (0-1) 0.54 (0.32) 0.67 (0.25) 0.66 (0.30) 0.72 (0.28)
Near transfer tasks (0-1) 0.67 (0.39) 0.82 (0.32) 0.72 (0.37) 0.82 (0.31)
Far transfer tasks (0-1) 0.41 (0.33) 0.52 (0.31) 0.59 (0.36) 0.61 (0.36)
Mediator variables
Mental effort (after instruction) (1-9) 5.68 (1.95) 5.56 (1.90) 5.82 (1.95) 5.58 (1.90)
Mental effort (after practice phase) (1-9) 6.23 (1.95) 5.73 (2.14) 5.64 (2.28) 4.77 (2.00)
Subjective difficulty (after instruction) (1-9) 3.79 (2.06) 4.08 (2.28) 5.60 (2.40) 4.81 (2.44)
Subjective difficulty (after practice phase) (1-9) 6.86 (2.26) 4.88 (2.49) 5.28 (2.47) 4.09 (2.47)
Monitoring accuracy (baseline) (—100%—100%) 7.39 (24.15) 4.52 (25.33) 9.00 (25.18) 6.02 (20.86)

Monitoring accuracy (after instruction) (—100%—100%)
Monitoring accuracy (after practice phase) (—100%—100%)
Arousal (baseline) (1-9)

Arousal (after instruction) (1-9)

Arousal (after practice phase) (1-9)

Pleasure (baseline) (1-9)

Pleasure (after instruction) (1-9)

Pleasure (after practice phase) (1-9)

—20.21 (43.34)
~26.26 (30.50)

5.26 (1.70)
5.26 (1.74)
5.30 (1.91)
6.01 (1.61)
5.84 (1.46)
5.40 (1.77)

~26.01 (37.09)
~20.38 (31.53)

4.84 (1.91)
5.36 (1.93)
5.53 (2.09)
5.71 (1.92)
5.69 (1.80)
5.86 (1.97)

~30.35 (38.45)
~21.29 (32.98)

4.99 (1.95)
5.06 (2.13)
5.22 (2.14)
5.54 (1.73)
5.51 (1.83)
5.62 (1.72)

470 (1.84)
5.18 (1.97)
5.32(1.92)
5.31 (1.66)
5.41 (1.53)
5.66 (1.58)

~27.77 (32.99)
~20.73 (28.69)
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Without instruction, Without instruction, With instruction, With instruction,
Variables without feedback with feedback without feedback with feedback
(n=281) (n=177) (n=18) (n=174)

Control variables
Utility of the learning phase (1-9) 6.37 (1.46) 6.38 (1.45) 6.56 (1.63) 6.50 (1.42)
Utility of the practice phase (1-9) 4.55(1.93) 6.39 (1.61) 5.56 (1.67) 6.05 (1.79)
Self-concept (1-4) 2.15(0.74) 2.24 (0.69) 2.11 (0.73) 2.13 (0.74)
Intrinsic motivation (1-4) 2.48 (0.65) 2.46 (0.64) 2.34 (0.75) 2.32 (0.71)
Time in total (in seconds) 1392.32 (513.07) 1317.91 (469.48) 1339.27 (601.89) 1290.73 (433.72)
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4.7.2.2. Performance on the Practice Tasks
As in Experiment 1, we aimed to explore potential differences in students’ performance
and to examine potential main effects of strategy instruction or feedback, or an interaction
effect of both interventions. We applied the same analyses as in Experiment 1. The
multilevel analyses showed that none of the main and interaction effects were significant

(see Table 11 for the entire test statistics)>.

5 The results of the multilevel analyses confirmed the results of the ANCOV As. The results of the
ANCOVAs can be seen in Appendix F.
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Table 11
Results of the Multilevel Analysis Exploring the Effects of Feedback, Strategy Instruction, and its Interaction on Students’ Practice Tasks,

Overall, Near, and far Transfer Performance in Experiment 2

Variables Estimate SEb )4

Practice tasks

Strategy Instruction .83 43 .055

Feedback .01 43 984

Interaction -.07 .61 .905
Transfer tasks (overall)

Strategy Instruction .54 23 017

Feedback A7 23 .039

Interaction -.12 33 707
Near transfer

Strategy Instruction A5 32 .641

Feedback .98 .36 007

Interaction -.14 51 785
Far transfer

Strategy Instruction 73 25 004

Feedback 37 25 .143

Interaction -.22 .35 .542

Note. Significant p-values are highlighted in bold letters.
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4.7.2.3. Performance on the Transfer Tasks

We proceeded similarly for the performance on the transfer tasks (learning outcome). The
multilevel analysis revealed a significant main effect of strategy instruction (see Table 11),
indicating that students who received strategy instruction outperformed students who did not
receive strategy instruction in the transfer tasks. Contrarily to Experiment 1, we found a
significant main effect of elaborated feedback (see Table 11), indicating that students who
received feedback during the practice phase performed better in the following transfer tasks
than students who did not receive feedback. The instruction-by-interaction effect did not
approach significance (see Table 11), indicating that the combination did not lead to
detrimental or differential effects. Instead, the fact that strategy instruction as well as
feedback had an effect, indicated that the combination of strategy instruction and feedback

led to additive effects.

4.7.2.4. Additional Explorative Analyses

In line with Experiment 1, we conducted fine-grained explorative analyses to determine
whether analyzing near and far transfer performances separately yielded different results.
We followed the same procedure of analysis but first with students’ performance in the near
transfer tasks as the dependent variable of the multilevel analysis and in a second separate
multilevel analysis students’ performance in the far transfer tasks as the dependent variable.

Regarding students’ near transfer performance, we found a significant main effect of
feedback (see Table 11; without strategy instruction but with feedback: M = 0.82, SD = 0.32;
without strategy instruction and without feedback: M = 0.67, SD = 0.39). However, there
was no main effect of strategy instruction and no significant interaction effect (see Table
11).

In contrast to the results regarding the near transfer performance, regarding far transfer,

results revealed a significant main effect of strategy instruction, (see Table 11; with strategy
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instruction but without feedback: M = 0.59, SD = 0.36; without strategy instruction and
without feedback: M = 0.41, SD = 0.33). The effect of feedback and the instruction-by-
feedback interaction effect were not significant (see Table 11). Apparently, instruction rather
affected far transfer performance, whereas feedback affected near transfer performance.
Contrarily to Experiment 1, the interaction effect on far transfer was no longer significant,
likely because we provided more elaborated feedback.

As another exploratory analysis, to explore potential differences among conditions
regarding students’ perceived utility of the practice phase, we performed an ANOVA with
strategy instruction and feedback as between-participants factors and students’ perceived
utility of the practice phase as dependent variable. Results showed a significant positive main
effect for feedback, F(1, 302) = 34.39, p <.001, ng = .10, and a significant instruction-by-
feedback interaction effect, F(1, 302) = 11.22, p =.001, n,zg =.04.

To break up the significant effects, we computed simple effect analyses. The analyses
revealed that when students received no strategy instruction, they found the feedback (M =
6.39, SD = 1.61) in the practice phase more useful than no feedback (M = 4.55, SD = 1.93,
p < .001). This effect disappeared for the strategy instruction conditions, as the practice
phases with (M = 6.05, SD = 1.79) and without feedback (M = 5.56, SD = 1.67, p =.308)

were rated as comparably useful.

4.7.3 Discussion

In Experiment 2 we partly replicated the findings of Experiment 1: In line with
Hypothesis la, we again obtained a significant main effect of strategy instruction. In line
with Hypothesis 1b, but different from Experiment 1, we found a significant main effect of
feedback, likely because we provided more elaborated feedback than in Experiment 1.
However, we found no instruction-by-feedback interaction (Hypothesis 2). Together, the

findings suggested additive effects, as strategy instruction (rather accounted for far transfer)

154



Experiment 3

as well as elaborated feedback (rather accounted for near transfer) improved students’
learning outcome.

Regarding the perceived usefulness, it made no difference whether students received the
combination of strategy instruction and feedback or only one of them. For the single support
methods, however, we found that providing only strategy instruction without feedback led
to an increased perceived usefulness of the learning phase and providing only feedback
without prior strategy instruction led to an increased perceived usefulness of the practice
phase. One possible explanation for why the interaction effect did not occur could be that
the elaborated feedback was perceived as more useful than simple corrective feedback in
Experiment 1 (Kuklick & Lindner, 2023), and thus even when students responded
incorrectly (negative valence), the additional specific information provided by the elaborated
feedback led from motivated feedback disengagement to more motivated feedback

engagement (Grundmann et al., 2021).

4.8 Experiment 3

Given that Experiment 2 showed additive effects of combining strategy instruction and
elaborated feedback, the aim of Experiment 3 was to test whether the findings could be
replicated when strategy instruction and feedback were provided in a different sequence or
whether the additive effects of the combination occurred only when students first go through
the learning phase followed by the practice phase. Related studies which examined effects
of instruction and practice phases showed that findings might depend on the sequence in
which they are provided (see for related evidence: Kant et al., 2017; Kapur, 2008; Loibl et
al., 2017; Sinha & Kapur, 2021; van Gog et al., 2008, 2011; van Harsel et al., 2019). In
Experiment 3, we therefore contrasted the regular sequence of Experiment 1 and 2 (learning

phase with strategy instruction followed by practice phase including feedback) with a flipped
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sequence (practice phase including feedback followed by learning phase with strategy
instruction).

We stated the following hypotheses: First, we hypothesized that students in both
sequences (flipped and regular) would outperform students in a control condition in which
neither strategy instruction nor feedback was provided (Hypothesis 1). Second, we
hypothesized that the flipped sequence (practice phase with feedback — learning phase with
instruction) would result in higher learning outcomes than the regular sequence (learning

phase with instruction — practice phase with feedback; Hypothesis 2).

4.8.1 Method
4.8.1.1. Participants
We conducted an a priori power analysis for contrast analysis using G*Power, expecting
small to medium effects around /= 0.27 (based on Darabi et al., 2018; and related to the
findings on problem solving followed by instruction by Sinha & Kapur, 2021; and research
on sequencing effects in the context of worked examples by van Gog et al., 2008; see pre-

registration for more details, https://aspredicted.org/399mp.pdf). With a set power (1 — ) of

80% (o= .05, number of covariates = 1), we required a sample sizes of N =199. Considering
potential dropouts, we aimed to collect data from 240 students.

In total, 244 students from non-physics study programs of a German university
participated in Experiment 3. We applied the identical exclusion criteria of Experiment 2.
We excluded students who were enrolled in physics, engineering, science and technology,
or technology (n = 22), had taken physics, technology and science, or technology as a major
subject in high school (n = 26), all whose native language (or language level C1) was not
German (n = 0), or who already participated in the previous experiments (n = 9).
Furthermore, following the same procedure as in Experiment 1 and 2, to obtain robust

estimates, we only included those participants who solved both attention checks correctly (n
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= 18 failed at least one of the attention checks). Since the dropout was larger than expected,
the final sample comprised N = 166 students.

With the acquired sample size, we would be able to detect medium effects of f'= .22,
which was still within the range of effect sizes reported in previous related research (see pre-

registration, https://aspredicted.org/3099mp.pdf). Thus, we considered the acquired sample

size to be acceptable.
The mean age of the students was 23.42 years (SD = 4.62) and 72% were female. The
students were on average in their 7.10 semester (SD = 4.48) and most of them were enrolled

in humanities (n = 97).

4.8.1.2. Design and Materials

In contrast to the previous experiments, we used a one-factorial design, and the
participants were randomly assigned to one of the three conditions: regular sequence
(learning phase with instruction — practice phase with feedback; n = 60), flipped sequence
(practice phase with feedback — learning phase with instruction; » = 50), and a control
condition which did not receive instruction and feedback (n = 56).

We used the same material as in Experiment 2.

4.8.1.3. Procedure

We followed the same procedure as in Experiment 1 and 2. As an exception, students in
the flipped condition first answered the practice tasks and received feedback on their
performance. Afterwards, they were provided with the strategy instruction. The regular

sequence was comparable to the combined sequence of Experiment 2.

4.8.1.4. Data analysis

We applied planned contrast analyses to test our hypotheses. To investigate whether there

was a general effect of the experimental conditions (H1), we contrasted the experimental
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conditions (flipped and regular sequence) against the control condition by using the
following contrast weights: control condition: —2; regular sequence: 1; flipped sequence: 1.
To test whether the flipped sequence additionally resulted in higher learning outcome
compared to the regular sequence (H2), we used the following contrast weights: control
condition: 0; regular sequence: —1; flipped sequence: 1. Furthermore, we controlled for

students’ prior knowledge in both contrast analyses.

4.8.2 Results

4.8.2.1. Preliminary Analyses

Initial boxplot analyses indicated no extreme outliers. Correlations between prior
knowledge, the dependent variables and the mediation variables are presented in Appendix
G. Students were comparable regarding their academic self-concept, F(2, 163) = 1.88, p =
156, 11;29 = .02, intrinsic motivation, ' < 1, baseline arousal, ' < 1, baseline pleasure, ' < 1,
baseline monitoring accuracy, F' < 1, prior knowledge, F'< 1, and time-on-task, F'< 1. Means

and standard deviations are shown in Table 12.
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Table 12

Means and Standard Deviations for all Measurements in Experiment 3

Experiment 3

. Wltho'u ! Regular sequence (learning Flipped sequence (practice
Variables . mstmetion, phase — practice phase) phase — learning phase)
without feedback
(n=56) (n=60) (n=150)
Pretest
Prior knowledge (0-1) 0.61 (0.23) 0.60 (0.25) 0.59 (0.24)
Practice phase
Practice tasks (0-1) 0.45 (0.43) 0.58 (0.40) 0.61 (0.41)
Posttest
Transfer tasks (0-1) 0.49 (0.31) 0.59 (0.30) 0.60 (0.29)
Near transfer tasks 0.59 (0.42) 0.73 (0.41) 0.70 (0.38)
Far transfer tasks 0.39 (0.34) 0.45 (0.33) 0.50 (0.32)
Mediator variables
Mental effort (after instruction) (1-9) 5.71 (1.8) 5.67 (2.07) 5.46 (1.96)
Mental effort (after practice phase) (1-9) 6.18 (1.71) 5.37 (2.14) 5.52 (1.95)
Subjective difficulty (after instruction) (1-9) 4.61 (2.05) 5.75 (2.27) 5.30 (2.58)
Subjective difficulty (after practice phase) (1-9) 6.79 (2.09) 5.63 (2.67) 6.10 (2.38)

Monitoring accuracy (baseline) (—100%—100%)
Monitoring accuracy practice (—100%—100%)
Monitoring accuracy transfer (—100%—100%)
Arousal (baseline) (1-9)

Arousal (after instruction) (1-9)

Arousal (after practice phase) (1-9)

Pleasure (baseline) (1-9)

Pleasure (after instruction) (1-9)

Pleasure (after practice phase) (1-9)

~30.52 (29.72)
~8.55 (41.78)
~17.41 (36.92)

4.73 (2.03)
4.61 (1.91)
4.64 (2.06)
5.91(1.76)
5.82 (1.61)
5.62 (1.78)

~28.19 (25.95)
~21.77 (35.29)
~18.17 (33.25)

4.55 (1.73)
4.68 (1.79)
4.90 (2.01)
5.82 (1.48)
5.52 (1.56)
5.55 (1.86)

~26.58 (31.30)
~20.92 (36.07)
~27.32 (30.17)

4.78 (1.82)
4.94 (1.97)
5.32(1.72)
5.82 (1.61)
5.36 (1.84)
5.46 (1.63)
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ith
. Wit o'u ! Regular sequence (learning Flipped sequence (practice
. 1nstruction, . .
Variables . phase — practice phase) phase — learning phase)
without feedback (n = 60) (1 = 50)
(n=56)

Control variables

Utility of the learning phase (1-9) 6.27 (1.42) 6.23 (1.29) 5.98 (2.00)
Utility of the practice phase (1-9) 4.62 (1.90) 5.75(1.71) 5.18 (1.80)
Self-concept (1-4) 2.12 (0.62) 1.99 (0.71) 2.23 (0.63)
Intrinsic motivation (1-4) 2.26 (0.60) 2.13 (0.69) 2.26 (0.73)

Time in total (in seconds)

980.73 (364.89)

1033.35 (385.73)

1031.06 (357.54)
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4.8.2.2. Performance on the Practice Tasks

Coherent to Experiment 1 and 2, we ran generalized mixed effect models with participants
as random factor, contrasted condition as fixed factor and students’ performance on the
practice tasks as the dependent variable nested in participants (and repeated because of two
scores on practice tasks). In addition, we controlled for students’ prior knowledge.

Regarding students’ performance in the practice tasks, the multilevel contrast analyses
showed that students in the experimental conditions outperformed students in the control
condition (see Table 12 for descriptive statistics of all measures; see Table 13 for the entire
test statistics). However, there were no significant differences between the flipped sequence

and the regular sequence (see Table 13)°.

6 The results of the multilevel analyses were confirmed by the a priori contrast analyses (see Appendix H).
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Table 13

Results of the Multilevel Contrast Analysis in Experiment 3

Variables Estimate SEb p

Practice tasks

Control vs. experimental condition (HI) 1.96 0.81 016

Flipped vs. regular condition (H2) 24 0.45 585
Transfer tasks (overall)

Control vs. experimental condition (H1) .68 0.22 002

Flipped vs. regular condition (H2) .39 0.22 071
Near transfer

Control vs. experimental condition (H1) 1.38 0.68 042

Flipped vs. regular condition (H2) .05 0.43 911
Far transfer

Control vs. experimental condition (H1) .76 0.50 129

Flipped vs. regular condition (H2) 23 0.29 431

Note. Significant p-values are highlighted in bold letters. For H1, we used the following contrast weights: control condition: —2; regular
sequence: 1; flipped sequence: 1. For H2, we used the following contrast weights: control condition: 0; regular sequence: —1; flipped

sequence: 1. Furthermore, we included students' prior knowledge as covariate in both contrast analyses.
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4.8.2.3. Performance on the Transfer Tasks

We ran again generalized mixed effect models with participants as random factor,
contrasted condition as fixed factor and now students’ performance on the transfer tasks as
the dependent variable nested in participants (and repeated because of four scores on transfer
tasks). Regarding Hypothesis 1, the multilevel contrast analyses showed that students in the
experimental conditions outperformed students in the control condition regarding transfer
performance (see Table 12 for descriptive statistics; see Table 13 for the entire test statistics).
Regarding Hypothesis 2, there were no differences between the flipped and the regular

sequence (see Table 13).

4.8.2.4. Additional Explorative Analyses

Similar to the previous experiments, we conducted additional explorative separate
analyses for near and far transfer performance to identify any differences in near and far
transfer performance. We followed the same procedure of multilevel contrast analysis but
first with students’ performance in the near transfer tasks as the dependent variable and in a
second separate multilevel contrast analysis students’ performance in the far transfer tasks
as the dependent variable.

Regarding near transfer performance, the multilevel contrast analyses showed that
students in the experimental conditions (M = 0.72, SD = 0.39) outperformed students in the
control condition (M = 0.59, SD = 0.42; see Table 13). Regarding far transfer performance,
results regarding the first contrast revealed no significant effect (see Table 13; experimental
conditions: M = 0.47, SD = 0.32; control condition: M = 0.39, SD = 0.34). There were no
differences between the flipped and the regular sequence for near transfer (see Table 13;
flipped: M =0.70, SD = 0.38; regular: M = 0.73, SD = 0.41), and far transfer (see Table 13;

flipped: M = 0.50, SD = 0.32, regular: M = 0.45, SD = 0.33).
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We conducted an additional ANOVA to explore potential differences between the regular
and the flipped sequence regarding the valence of feedback (Hypothesis 2). The contrast-
coded condition was the independent variable, and the valence of feedback was the

dependent variable. Results showed no significant effect, F(1, 108) = 0.21, p = .651, nf, <

.01.

4.8.3 Discussion

In Experiment 3, we investigated whether the sequence of strategy instruction and
feedback would account for reducing versus additive effects on learning. We first
hypothesized that both sequences (flipped and regular) led to higher learning outcome than
the control condition (Hypothesis 1). The first hypothesis was confirmed as students in the
experimental conditions outperformed students in the control condition. This, effect was
mainly driven via near transfer performance. Second, we hypothesized that students in the
flipped sequence condition outperform students in the regular sequence condition
(Hypothesis 2). In contrast to our assumption, our second hypothesis was not confirmed as
the flipped sequence did not contribute to higher learning outcome than the regular sequence.
This pattern suggests that the obtained additive findings of elaborated feedback and strategy

instruction are independent of the sequence of these instructional interventions.

4.9 General Discussion

The main aim of the present study was to investigate potential additive versus reducing
effects of combining strategy instruction and feedback on learning. Furthermore, we aimed
at generalizing our findings to different types of feedback (i.e., corrective vs. elaborated
feedback; Experiment 1 and 2), and sequences of strategy instruction and feedback
(Experiment 3). In addition, we aimed at exploratively investigating the underlying

mechanisms of a potential instruction-by-feedback interaction effect.
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4.9.1 Summary of Evidence

Our findings suggest that, whether combining strategy instruction and feedback results in
reducing or additive effects depends on the type of feedback (corrective vs. elaborated
feedback) and the type of learning goal (near vs. far transfer).

A reducing effect (i.e., an instruction-by-feedback interaction) only emerged when
corrective feedback was used, and only with regard to higher-order learning outcome of far
transfer (Experiment 1; see also Mertens et al., 2022). Our exploratory mediation analyses
suggested that this effect was mediated by the level of arousal, but only for students who
received negative feedback (moderated mediation; Kuklick & Lindner, 2023; Laudel &
Narciss, 2023).

Contrarily to Experiment 1, when elaborated feedback was provided (Experiment 2), our
findings showed that combining strategy instruction with elaborated feedback led to additive
effects and supported students’ learning. A potential explanation of how the reducing effect
was counteracted could be that a) students found the elaborated feedback to be useful, as
indicated by the significant effect of the perceived usefulness of the practice phase in
Experiment 2 and b) that the negative emotions (i.e., arousal), when negative feedback was
reported, were reduced (Grundmann et al., 2021; Kuklick & Lindner, 2023). Higher levels
of usefulness may have turned motivated feedback disengagement into motivated feedback
engagement (Grundmann et al., 2021; Kuklick & Lindner, 2023; Laudel & Narciss, 2023;
Narciss, 1999). These findings of Experiment 2 highlight the effectiveness of elaborated
feedback (Mertens et al., 2022; Shute, 2008; Wisniewski et al., 2020) not only in isolation,
but also in orchestration, that is the combination with other instructional interventions, such
as strategy instruction.

We assumed that another possibility to prevent motivated feedback disengagement
(Grundmann et al., 2021) and to enhance feedback processing (Narciss, 2008) could be to

provide the feedback at the beginning of the learning unit. Students might then be more
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motivated to process the feedback, perceive it as more useful, and improve their subjective
representation of standards, competencies, and task requirements (Narciss, 2013). Similar to
the productive failure approach (Kapur, 2008; Sinha & Kapur, 2021), students would first
work through the problems themselves and then, in a subsequent learning phase, validate
and deepen their knowledge schemes, and close any knowledge gaps. Based on research on
sequence effects (e.g., problem solving prior instruction; Kant et al., 2017; Loibl et al., 2017,
van Gog et al., 2011), we reversed the learning and practice phases in Experiment 3. Contrary
to our assumptions, there were no differences between the regular and the flipped sequence
in terms of motivation, usefulness of the learning and practice phases, or learning outcomes.
Experiment 3 suggested that the sequence does not matter as both sequences supported
learning similarly well.

The findings of our three experiments extend previous studies on combination effects
(Fyfe & Rittle-Johnson, 2016; Salden et al., 2010; Wischgoll, 2017), as they provide distinct
information about when and why combining strategy instruction and formative feedback
may result in additive versus reducing effects and allow to generalize the findings across

several feedback implementations.

4.9.2 Theoretical Implications

What are the broader contributions of our study? The ITFL-model by Narciss (2008,
2013) proposed a reciprocal interplay between internal (cognitive, metacognitive, and
affective-motivational processes) and external (e.g., feedback source, instructional context)
factors that may affect the effectiveness of feedback (see also e.g., Panadero & Lipnevich,
2022; Winne & Butler, 1994, for related assumptions).

Regarding the internal factors, as a first contribution, we want to highlight the integrative
character of our studies. Still to date, a large proportion of instructional research has relied

on investigating cognitive mechanisms or motivational processes in isolation, whereas
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affective-motivational processes have been considered only to a limited extent (see Azevedo,
2015; Braithwaite et al., 2013; D’Mello & Graesser, 2012; Goldin, 2017; Hoogerheide et al.,
2019; Narciss et al., 2014, for exceptions). In our study, we integrated different perspectives
(i.e., cognitive, metacognitive, affective-motivational) in three well-powered online-
experimental studies comprising more than 900 students to draw conclusions about potential
mechanisms of our intervention. The integration of different cognitive, metacognitive and
motivational outcomes allowed us to disentangle and model the various processes which
may account for potential interactions.

Moreover, we want to note that the tested explanatory mechanisms were derived from
theory (Baars et al., 2013; Grundmann et al., 2021; Narciss, 2008; Sweller et al., 2011; see
also pre-registration). However, we have to note that our findings rely only on self-reported
measures (i.e., cognitive load, monitoring accuracy, and arousal), as we realized three online
experiments. Yet it is unclear, whether and how these measures reflect the proposed
theoretical constructs (see Pekrun & Biihner, 2014; Tan et al., 2021, for a critical discussion
of self-reports). Replications are needed that additionally integrate less obtrusive measures,
such as electrodermal activity or eye-tracking as potential behavioral proxies of (meta-
)cognitive and affective-motivational measurements (e.g., Hoogerheide et al., 2019; Potter
& Bolls, 2011; S. Schneider et al., 2019).

As a further contribution, regarding the external factors, our study showed that the
orchestration of feedback with other instructional strategies plays an important role. We refer
to the fact that we deliberately investigated combination effects of two different
interventions, that is strategy instruction and computer-based feedback. In educational
settings and online learning environments, strategy instruction and feedback are often
combined (Magliaro et al., 2005; Rosenshine, 2008), however, most studies often relied on
investigating only a single instructional intervention and research investigating to what

extent both interventions affect each other’s effectiveness to enhance students’ learning is
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rare and produced heterogeneous findings (Fyfe & Rittle-Johnson, 2016; Salden et al., 2010;
Wischgoll, 2017). Thus, our study extends prior research as we are contributing to the scarce
evidence of combining instructional interventions (Fyfe & Rittle-Johnson, 2016; Salden et
al., 2010; Wischgoll, 2017; see also e.g., Murphy & Alexander, 2005).

Furthermore, our findings support prior research by highlighting the role of feedback
implementation (e.g., Hattie & Timperley, 2007; Kluger & DeNisi, 1996; Narciss, 2008;
Patchan et al., 2016; Shute, 2008; Strobl et al., 2019). The design of feedback, such as the
level of elaboration, may not only impact the effectiveness of feedback per se, but also might
influence the effectiveness of combining instructional interventions.

Summarized, our main contribution is that our findings support the theoretical assumption
(Narciss, 2008, 2017; Narciss et al., 2014; cf. Butler & Winne, 1995; Hattie & Timperley,
2007; Hayes, 2012; Shirah & Sidney, 2023) that the effectiveness of feedback depends on
internal as well as on external factors: The results of our experiments indicate that whether
combining strategy instruction and feedback may result in non-additive/even reducing or
additive effects, strongly depends on individual student-related (internal) factors (i.e., task
performance/valence, arousal) but also on feedback-related (external) factors (design
decisions, i.e., elaboration level, or instructional context, i.e., orchestration with strategy

instruction), probably explained by utility.

4.9.3 Practical Implications

Our findings also have implications for educational practice, as they show that combining
strategy instruction and computer-based feedback is only effective under certain conditions
and should therefore be used wisely. Our results showed that all types of support (strategy
instruction, feedback, combination) improve learners' performance compared to learners
without any instructional interventions. Contrary to the prevalent assumption, however,

double support (combination of strategy instruction and feedback) does not necessarily
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increase learners' performance, as demonstrated by Experiment 1. The findings counteract
the commonly held belief that combining instructional interventions, which are regarded to
be effective strategies in isolation, contributes to learning. Instead, practitioners should
implement elaborated feedback. Our experiments have shown that elaborated feedback can
have positive or additive effects on learning both in isolation (Mertens et al., 2022; Shute,

2008) and orchestrated in combination with strategy instruction (cf. Salden et al., 2010).

4.9.4 Limitations and Future Research

We would like to note that all detected effects in all three experiments were rather small.
Regarding corrective feedback, this is in line with previous research which showed that
corrective feedback usually produces small effects (e.g., Swart et al., 2019; van der Kleij et
al., 2015; see also Mertens et al., 2022, for an overview). However, regarding elaborated
feedback, previous research mostly documented medium effect sizes (see Mertens et al.,
2022; Wisniewski et al., 2020, for meta-analytic evidence). It is unclear why our
implemented elaborated feedback only produced small but not medium effects. One
explanation refers to the fact, that we realized our study as an online experiment. Online
experiments have the risk of less control and inattentive behavior by our participants, as
compared to laboratory experiments (Hauser & Schwarz, 2016; Oppenheimer et al., 2009).
The lower levels of control and attention may result in lower effect sizes, as compared to
traditional laboratory studies (see R. S. Ryan et al., 2013).

Another limitation refers to the number of practice tasks. We implemented only two
practice tasks which were realized as a multiple-choice question format. Such practice
phases can be regarded to be prototypical for online learning phases. Nevertheless,
implementing more challenging learning materials with more practice tasks and more
transfer tasks (cf. van Harsel et al., 2020) preferably in combination with open-ended

questions could help to further generalize the obtained findings.
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Given that our study provides a complex picture of combining instructional interventions
and the use of online experiments, we see the need to further investigate these combination
effects in practice to replicate the experiments in more authentic settings. Since our findings
are limited to one specific topic in physics and the instruction phase and the feedback phase
were relatively short (approximately 10-15 minutes each), it is essential to replicate the
findings in different study contexts, with different types of interventions, and with longer
durations. Thus, further field-oriented work such as field experiments are required to
replicate the findings and to increase the ecological validity of our findings (Renkl, 2013).

Our findings cannot be generalized regarding learning in general. However, we achieved
our goal to provide deeper insights of the impact of combining strategy instruction with

computer-based feedback on learning in an online setting.

4.9.5 Conclusions

All in all, the experiments presented in this paper provide important evidence on
combining strategy instruction and feedback: The findings illustrate that combining strategy
instruction and feedback does not necessarily contribute to learning, as the effectiveness
depends on the provided type of feedback and the learning goals. Therefore, they provide
important information for fostering cognitive skill acquisition, as they show that not only the
design of instructional interventions but also their orchestration is critical to contribute to the

effectiveness of digital learning environments.
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5 GENERAL DISCUSSION

Learning is a broad term that is defined differently in different disciplines and dependent
on the theory in which it is embedded. In this dissertation, learning in a formal context is
defined with regard to the learning process that includes setting a learning goal, receiving
new information, individually acquiring and processing information, connecting the new
information with prior knowledge, and acting (e.g., solving a task). The change in
performance after learning (i.e., the learning product) is the learning outcome. To measure
this learning outcome, the level of change from before learning to after the learning process
is evaluated. In addition, when investigating learning, it is important to consider the internal
cognitive, metacognitive, and affective-motivational processes that are taking place during
this complex process (Renkl, 2008). Cognitive processes occur during knowledge
acquisition while processing into different types of memory (Atkinson & Shiffrin, 1968;
Renkl, 2009). Metacognitive processes occur when learners are regulating and monitoring
their actions and understanding during the learning process (Kuklick et al., 2023; Labuhn et
al., 2010; Narciss, 2008, 2013). Affective-motivational processes can have an implicit or
explicit impact on how a learner learn (Kuklick & Lindner, 2021, 2023; Mory, 2004; Narciss,
2008, 2013).

In order to support students’ learning, feedback is considered a beneficial strategy
(Kluger & DeNisi, 1996; Shute, 2008; Wisniewski et al., 2020). Educational technologies
are also considered helpful supplements for instructors and teachers, as they allow for the
provision of immediate feedback, including in individual learning phases, in a time-saving
way (Lipnevich & Panadero, 2021; Narciss, 2013). However, previous research has provided
heterogeneous findings regarding the effectiveness of computer-based feedback at fostering
students’ learning. Various boundary conditions have been discussed to explain the
inconsistent findings, as they might have a mediating impact on the effect of computer-based

feedback on learning (Burkhart et al., 2020; Fleckenstein, Liebenow, & Meyer, 2023;
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Kuklick & Lindner, 2023; Mertens et al., 2022; Narciss, 2008, 2013; Patchan et al., 2016).
For example, Mertens et al. (2022) assumed that the effectiveness of computer-based
feedback in the context of writing depends on the level of elaboration of that feedback.
Kuklick and Lindner (2023) suggested that valence and affective processes while learners
process feedback are crucial determinants of the effectiveness of computer-based feedback.
Fyfe and Rittle-Johnson (2016) and Shirah and Sidney (2023) provided initial evidence that
students’ prior knowledge and the orchestration of feedback must be considered when
implementing computer-based feedback.

In addition, previous theoretical feedback models included several potential influencing
factors regarding the implementation of feedback (e.g., Narciss, 2008; Narciss & Huth, 2004;
Panadero & Lipnevich, 2022). However, these models either did not mention explicit
feedback-related factors (e.g., specificity, representation, elaboration, complexity) or
summarized learner-related factors under a category such as students’ characteristics or
neglected context-related factors, such as feedbacks’ orchestration with other instructional
strategies. Previous models focused mainly on the processing of feedback itself instead of
considering how the feedback is embedded in the learning process. However, research on
the orchestration of feedback is important to take into account, as the findings showed that,
for instance, providing prior instruction before providing the feedback can influence the
effect of feedback (Fyfe & Rittle-Johnson, 2016; Shirah & Sidney, 2023; Wagner et al.,
2024).

For practitioners, computer-based technologies seem to be a useful supplement for
facilitating provision of individualized, immediate feedback to students. However, the
heterogeneous findings on the effectiveness of computer-based feedback and the open
questions of how computer-based feedback should be used to improve student learning, as

well as which influencing factors need to be considered when choosing a feedback tool or
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formulating a feedback message, make it difficult for practitioners to use computer-based
feedback in practice.

Consequently, from a theoretical perspective, there was a need for a feedback model
particular with regard to the implementation and orchestration of computer-based feedback
in the learning process. From a practical perspective, there was a need to gain new insights
into which internal and external influencing factors of the effectiveness of computer-based
feedback are crucial in given subject domains, as well as which possible uses or
implementation options effectively support students’ learning.

Thus far, experimental studies have mostly examined the impact of different types of
feedback, for example, corrective versus elaborated feedback, or only the impact of prior
knowledge on feedback. Research investigating further specific internal (e.g., affective
processes) and external (e.g., representation of feedback) influencing factors is still scarce
(see e.g., Kuklick & Lindner, 2021, 2023, for expectations). In addition, there was an explicit
need to investigate context-related boundary conditions regarding the combination of
computer-based feedback with prior instruction; there has been only limited research into
this topic, but initial evidence implied that the orchestration of feedback has a crucial impact
on feedback’s effectiveness (see e.g., Fyfe & Rittle-Johnson, 2016; McLaren et al., 2008;
Salden et al., 2010; Shirah & Sidney, 2023; Wischgoll, 2017).

Thus, the overarching goal of this dissertation was to investigate the effectiveness of
computer-based feedback on learning by applying a multidimensional perspective (Shute,
2008), considering feedback-related, as well as learner-related and context-related factors
together in a holistic understanding. The research question was crafted as follows: What are
the factors that significantly influence the effect of computer-based feedback on learning in
different subject domains?

The biggest strengths of this dissertation are that computer-based feedback was examined

from different perspectives and that the effects of several feedback-, learner-, and context-
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related influencing factors on the effectiveness of computer-based feedback were
empirically investigated. Another strength of this dissertation is that it utilized various
methodological approaches (i.e., theoretical perspective, meta-analysis, empirical
experiments) to pursue the goal. In this way, the robustness of the results was strengthened,
as some reinforcing results were found regardless of the subject domain, tasks, procedure of
providing feedback, research method, or statistical approach used to analyze the data. A third
outstanding feature of the dissertation is the consideration of the combination of computer-
based feedback with prior strategy instruction as there has been very little targeted research
on this topic so far. Through three experiments, I have contributed substantially to the

research on the interaction of these two important instructional strategies.

5.1 Summary of Evidence

In order to achieve the defined aim of this dissertation, I took a multidimensional
approach by examining at the research question from theoretical and empirical perspectives
in the domains of writing and physics. In the empirical studies, I applied various methods to
investigate the effectiveness of computer-based feedback in fostering learning in diverse
ways. In total, I have completed three articles for publication in international journals; these
are included in this dissertation.

In the first paper, I developed a conceptual framework to explore the capabilities of digital
media, specifically the use of computer-based feedback to foster expository writing skills. I
carried out an analysis of the literature and previous research on computer-based feedback
technologies to support students’ expository writing to construct an overview of how
computer-based feedback has been realized. Thereby, I focused on the comparison of three
different types of evidence-based feedback tools and on which potential factors of computer-
based feedback might have an impact on its effectiveness on learning. Through this analysis,

I came to the conclusion that computer-based feedback has the potential to be an effective
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and evidence-based instructional strategy to support students in their writing processes.
However, I identified a need for further exploration of computer-based feedback with regard
to additional characteristics of the feedback and students’ prior knowledge. In addition, I
identified a need for concrete research on the implementation and orchestration of computer-
based feedback in order to draw direct conclusions for application in teaching contexts (see
also Fleckenstein, Liebenow, & Meyer, 2023; Strobl et al., 2019).

In Paper 2, I followed the desiderata to investigate other computer-based feedback tools
by conducting a systematic literature review and a meta-analysis to show what kinds of
feedback tools exist to support students’ expository writing and to investigate their overall
effect on students’ writing quality. In addition, I empirically examined the impact of
feedback-related potential influencing factors which were identified as relevant in Paper 1
and, as a learner-related factor, students’ prior knowledge. The results showed that
computer-based feedback was not effective per se compared to control groups that did not
receive feedback. Instead, the effectiveness of computer-based feedback improving
students’ writing quality depended on the boundary conditions. The findings of the meta-
analysis revealed that learners profited more from the provision of only lower-level text
quality feedback (i.e., spelling, grammar, word count, etc.) than from the provision of only
on higher-level feedback (i.e., style, cohesion, organization, etc.) or from feedback on both
levels. When the goal of feedback is to support students implementing aspects of higher-
level text quality or on different levels of text quality and to subsequently improve their
overall writing quality to a greater extent (McNamara et al., 2013; Patchan et al., 2016),
students’ need additional instructional support. In this regard, the analyses suggested that
providing prior instruction could help students to more easily process larger amount of more
complex information. Furthermore, the results of the review showed that specific feedback
was more effective than general feedback and that students with lower prior knowledge

profited more from the feedback. Concluding the implications of Paper 2, a question
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remained: Will providing students with prior instruction on the topic of the task support them
in processing more complex feedback?

In Paper 3, therefore, I aimed to investigate the effectiveness of computer-based feedback
combined with strategy instruction on students’ physics learning by conducting three online
experiments. Besides the feedback-related influencing factors, I also investigated more
learner-related factors in the experiments. In addition, I put the greatest focus on the context
in which computer-based feedback is orchestrated. Therefore, I manipulated the presence of
strategy instruction prior to or after the feedback. In Experiment 1, I focused on a
combination of prior strategy instruction and corrective computer-based feedback. In
Experiment 2, I varied the prior strategy instruction and elaborated the computer-based
feedback. In Experiment 3, I investigated the sequence in which instruction and computer-
based feedback were implemented in the learning process. The findings of the experiments
showed that, in combination with strategy instruction, only elaborated feedback had an
additive effect on students’ physics learning. However, it only had an effect on near transfer
tasks (lower level of complexity). Combining strategy instruction and corrective feedback
had an impact on students’ arousal when they answered the tasks incorrectly and could even
influence students’ performance negatively. Therefore, the sequence of strategy instruction
and feedback was not found to be significant.

In summary, with these three papers, I have carried out research on different internal and
external factors that determine the effectiveness of feedback and brought them together in a
holistic understanding. I have shed light on the effects of computer-based feedback from
different perspectives by applying computer-based feedback in different subject domains,
examining system-generated (meta-analysis in Chapter 3) as well as person-mediated (online
experiments in Chapter 4) computer-based feedback, investigating the topic theoretically as
well as empirically, and using various methodological approaches (i.e., literature overview,

meta-analysis, online-experiments). Based on the literature and previous research, in Paper
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1, I identified potentially relevant impact factors, which were mostly related to aspects of
feedback. In Paper 2, I examined the effect of these feedback-related factors as well as the
impact of prior knowledge. In Paper 3, I focused on additional feedback-related factors, as
well as on learner-related and context-related influencing factors. In summary, the results of
this dissertation show that computer-based feedback could be a beneficial strategy for
fostering learning. However, the studies also showed that successfully improving learning
depends on feedback-, context-, and learner-related influencing factors. Overall, the
specificity, elaboration, and level of complexity of the feedback were all found to have an

effect, as did (the induction of) students’ prior knowledge.

5.2 Theoretical Implications: Revised CAFCALI Model

From a theoretical perspective, different feedback models have conceptualized feedback
in different ways and argued that various factors might be relevant for the effect of feedback.
Since past feedback models either focused on feedback in general or did not include all these
concrete computer-based feedback-, learner-, and context-related influencing factors when
examining computer-based feedback embedded in students’ learning processes, I have made
an important contribution to the theoretical field by developing and testing the CAFCALI
model using various theoretical and methodological approaches.

In this dissertation, I examined the impact of a variety of potential influencing factors.
The research findings revealed that three of the four feedback-related factors, one of the two
context-related factors, and two of the four learner-related factors identified in previous
research had a significant impact and were capable of changing the effect of computer-based
feedback. Based on these findings, I revised the CAFCALI model accordingly (see Figure

12).
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Figure 12

Revised CAFCALI Model
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found to have no significance.
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The revised CAFCALI model now shows all factors that had an impact (in brown font;
the factors in gray font had no impact) on the effect of computer-based feedback: specificity
of feedback, elaboration level of feedback, level of complexity, learners’ prior knowledge
and affective-motivational processes, and the orchestration of feedback with prior instruction
(see Figure 12). Accordingly, whether computer-based feedback fosters learning depends on
feedback-, context-, and learner-related influencing factors. This test of the CAFCALI
model, has contributed new evidence about how computer-based feedback can foster
learning and highlighted what practitioners and researchers should keep in mind when

implementing computer-based feedback.

5.2.1 Indications Regarding Orchestration

Through this dissertation, the limited research that exists on the orchestration of
computer-based feedback was be replicated and extended. I was able to replicate the non-
additive effect of strategy instruction and corrective feedback found by Fyfe and Rittle-
Johnson (2016) and confirm the results of Shirah and Sidney (2023), indicating that inducing
relevant prior knowledge prior to additional feedback does not lead to additional benefits for
learners. Furthermore, I was able to extend previous research by showing that providing
elaborated feedback can counteract this interaction effect and achieve additive effects. Since
Fyfe and Rittle-Johnson (2016) conducted their research in the domain of mathematics with
primary school children, and Shirah and Sidney (2023) focused on the domain of writing
with undergraduate students, I was able to contribute new insights regarding the
orchestration of computer-based feedback by implementing my experiments in the subject
context of physics. Overall, this strengthens the assumption that this initial evidence
regarding the feedback-instruction-interaction can be found across subject domains and

educational levels.
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5.2.2 Indications Regarding Specificity

Specificity of feedback describes the level of detail with which a feedback message is
formulated (Goodman et al., 2004; Patchan et al., 2016): generic (e.g., in the form of a
numerical score or a grade at the end of a school year) or specific (e.g., analytic feedback in
the form of a text-based message that includes feedback comments regarding different
aspects of the learner’s performance). The findings of this dissertation confirm previous
assumptions, that the more specific a feedback message, the more effective it is (see also
Hattie & Timperley, 2007; Lachner et al., 2017a; Patchan et al., 2016; Shute, 2008;
Wisniewski et al., 2020). When interpreting these findings, however, it must be noted that
the effect of elaboration may outshine this effect of specificity, as elaborated feedback can
be viewed as more specific and analytical than corrective feedback, which is often very

generic (Mertens et al., 2022; Shute, 2008).

5.2.3 Indications Regarding the Level of Complexity

Regarding the level of complexity, this dissertation found that feedback on a
hierarchically higher level (e.g., cohesion, organization; see Chapters 2 and 3) and that
feedback with the aim of supporting higher-order student learning outcomes (i.e., far
transfer; see Chapter 4) was more difficult for the learners to implement. This is also in line
with previous research, which found that feedback in the context of more complex tasks or
on multiple cues (e.g., global cohesion, error analysis) revealed either no positive effects on
learning or weaker effects than those of simpler feedback on a lower level of complexity
(Kluger & DeNisi, 1996; Kulhavy et al., 1985; Shute, 2008). Processing and implementing
more complex feedback information or feedback information about a more complex learning
objective is more demanding (Sweller et al., 1998) and requires more prerequisites (de Jong
& Ferguson-Hessler, 1996; Renkl, 2009). For example, in order to write a globally cohesive

text, the learner first needs to know how an argumentative text should be structured. This
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requires rhetorical prior knowledge as well as a higher level of self-regulation, as no detailed
steps on how to proceed can be specified; instead, the feedback information must be
interpreted and then implemented in an adapted way (Renkl, 2008). For higher-order
learning outcomes, it is not enough for learners to reproduce information they have read
before, as in recall tasks. Instead, transfer requires understanding the content, which
therefore requires deeper processing and also a higher level of self-regulation in order to
implement knowledge transfer (Baartman & de Bruijn, 2011; de Jong & Ferguson-Hessler,

1996).

5.2.4 Indications Regarding Elaboration

In line with previous research, elaborated computer-based feedback proved to be more
effective than corrective feedback (e.g., Bangert-Drowns et al., 1991; Kluger & DeN:isi,
1996; Mertens et al., 2022; Narciss, 2008; Narciss & Huth, 2004; Shute, 2008). In addition,
new evidence was provided, as elaborated computer-based feedback in combination with
prior knowledge instruction also proved to be more effective than corrective feedback.
Corrective feedback provides the information whether students solved the task correctly or
not (knowledge of result; Narciss, 2012) and in the case of knowledge of correct response
feedback, additionally, which would have been the correct answer (Narciss, 2012). In
contrast, elaborated feedback messages address specific aspects of students’ responses that
are related to the task and provide additional information on what was wrong and, more
importantly, on how to solve the task correctly (Kluger & DeNisi, 1996; Mertens et al.,
2022). The goal-oriented nature of elaborated feedback, which aims to help learners develop
learning strategies in a self-regulated way so that they may solve future tasks correctly, can
explain why elaborated feedback has a more positive effect than less goal-oriented and

action-oriented corrective feedback.
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5.2.5 Indications Regrading Prior Knowledge

Previous research has consistently shown that prior knowledge has a decisive influence
on learning and thus on the processing of feedback information (Bryson et al., 1991; Flower
et al., 1992; Fyfe & Rittle-Johnson, 2016; Kellogg, 2008; Krause et al., 2009; Mory, 2004;
Narciss & Huth, 2004; Patchan et al., 2016). There is also a large amount of evidence
suggesting that feedback is particularly suitable for learners with less prior knowledge (Allen
et al., 2016; Fyfe & Rittle-Johnson, 2016; Krause et al., 2009; Strobl et al., 2019). This
pattern also appeared in the research results of this dissertation. Overall, I found that
feedback is more effective for learners with a lower level of prior knowledge than for those
with a higher level of prior knowledge. These results support prior research that states that
low-achieving students, in particular, need additional support in order to reach learning goals
(Castro-Alonso et al., 2021). In contrast, high-achieving students are more likely to apply
self-regulated and adequate strategies (Castro-Alonso et al., 2021), and they herefore do not
benefit as much from corrective feedback in particular, as this provides them with little new
information (Mertens et al., 2022). In contrast, elaborated feedback proved to be effective
for learners with either level of prior knowledge, as it provides more information on how the

respective task can be solved (see Mertens et al., 2022, for related findings).

5.2.6 Indications Regarding Arousal

Regarding learners’ affective-motivational processes, this dissertation found that
learners’ arousal (dependent on valence) seems to have an effect. In line with previous
research, I found that when students receive negative corrective feedback, it has a negative
effect on their performance due to their arousal (see also Kluger & DeNisi, 1996; Kuklick
& Lindner, 2023, for related evidence). A possible explanation for this detrimental effect
could be that the learners perceive the feedback on their self level (cf. Hattie & Timperley,

2007). To increase feedback perception and focus it on the process level, Laudel and Narciss
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(2023) recommended providing a short introduction in advance to enhance feedback
acceptance. In line with Kuklick and Lindner (2023), the results of this dissertation suggest
that providing elaborated feedback, including more concrete information on what was wrong
and why and how the learner can improve the performance, can counteract the negative
mediating effect of arousal on students’ performance after receiving negative feedback. This
is also in line with previous findings, which showed that too general or unclear feedback can
hinder learning and frustrate learners (Kluger & DeNisi, 1996; Moreno, 2004; Shute, 2008;
Williams, 1997). By providing more elaborated feedback that includes more helpful

information for the learner, it seems that this frustration effect could be counteracted.

5.2.7 Neglecting Factors: Sequence, Representation, and Cognitive and
Metacognitive Processes

Besides the several crucial factors, there were also four factors (spanning the feedback-
related, learner-related, and context-related categories) that revealed no significance in the
research of this dissertation.

The sequence of the orchestration of feedback refers to the time point at which computer-
based feedback is provided: at the beginning of the learning process (e.g., practice phase
followed by learning phase) or, in the case of formative feedback, in the middle of the
learning process (e.g., starting the learning process with a learning phase that is then
followed by a practice phase that includes feedback). To my knowledge, to date, no research
has specifically examined the sequence of strategy instruction and computer-based feedback.
Research on the sequence of the learning phase (i.e., instruction or worked examples) and
the practice phase (i.e., problem solving) has provided contradictory findings, arguing either
in favor of providing a practice phase followed by a learning phase (Kapur, 2012; Loibl et
al., 2017; Sinha & Kapur, 2021) or in favor of providing instruction followed by a practice
phase (Kant et al., 2017; van Gog et al., 2011). So, there are no references against which to

compare in order to determine if my finding that the sequence does not matter is an artifact
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or if when the feedback is provided really makes no difference to the effectiveness of
computer-based feedback. Bayesian methods are necessary to investigate this further. It must
also be noted that I implemented elaborated feedback when manipulating the sequence (see
Chapter 4.8, Experiment 3). Consequently, it may be that, when implementing a different
type of feedback (e.g., corrective feedback), the sequence would reveal significance.
Elaborated feedback counteracted the non-additive instruction-by-feedback interaction
effect in Experiment 2 (see Chapter 4.7) in the regular sequence and might have also
outshone the sequence effect here.

To date, there has been little research investigating the visual representation of feedback
messages. Interestingly, there is a connection to the factor of specificity, as empirical
evidence has shown that holistic scores are less effective in fostering learning than specific
comments (Butler, 1987; Kluger & DeNisi, 1996). Since the findings of this dissertation
confirmed this effect by showing that specificity had a significant impact on the effectiveness
of computer-based feedback, it is surprising that representation did not become significant.
However, it must also be emphasized that differences in the representation formats were
visible in the moderator analysis of studies with pretest-posttest designs in the meta-analysis
(see Chapter 3.8.5). However, this effect disappeared when a control group was included. In
addition, it must be noted that only 24 effect sizes with pretest-posttest comparisons and 15
effect sizes with pretest-posttest-control group designs were included in the meta-analysis.
Among these comparisons, there was relatively little variation in the visualization of
feedback messages because the same feedback tools were used in many studies. Hence, it is
possible that no moderating effect of the representation factor occurred due to the small
sample size.

One explanation for why cognitive internal processes did not appear to have a significant
impact on the effectiveness of computer-based feedback in Experiment 1 (see Chapter 4.6)

could be that the feedback message was relatively short and rarely repeated the content of
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the prior instruction. In Experiment 2, the content from the instruction and the feedback were
indeed doubled, but in the case of the feedback message, the content was placed in a practical
context and therefore provided additional information for the learners. For this reason, the
addition of feedback information to the prior instruction may not have been overwhelming
but may have rather increased the germane load (Paas & van Gog, 2006). In addition, when
presenting the feedback, we made sure that the task, the learner’s answer, and the feedback
were all presented close to each other to avoid a split attention effect (Chandler & Sweller,
1991; Sweller et al., 2011). It is possible that this counteracted cognitive overload (Sweller
etal., 2011). Overall, it can be interpreted as a positive result that it does not seem to matter
which feedback type is implemented or how computer-based feedback is orchestrated; the
internal cognitive processes did not influence the effectiveness of the feedback. However,
since mental effort and perceived difficulty were assessed only on the basis of self-
assessments in the research of this dissertation, it would be interesting to obtain more
information about the way in which feedback is processed using physiological measurement
instruments such as eye tracking.

Previous research regarding the effect of feedback on metacognitive processes (students’
judgments of learning) has indicated that feedback can lead to a more accurate self-
assessment by students (e.g., Kuklick et al., 2023; Labuhn et al., 2010; Nietfeld et al., 2006).
By visualizing students’ current performance through the feedback and providing them with
information that enables them to compare their performance with the target performance,
one would assume that the feedback would lead to an improvement in self-assessment
(Kuklick et al., 2023; Labuhn et al., 2010). In combination with prior instruction, the
assumption was that students felt confident and indeed overestimated their performance,
which influenced how they regulated subsequent learning processes (Baars et al., 2013; Finn
& Metcalfe, 2014). Surprisingly, in the research of this dissertation, metacognitive accuracy

was not significantly improved by feedback and thus did not have a decisive influence on
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the learners’ performance (see Chapter 4). The descriptive results showed tendencies that
support the assumptions of previous research that feedback led to a more accurate self-
assessment by students. Contrary to expectations (see Baars et al., 2013; Dunning, 2011;
Finn & Metcalfe, 2014; Kruger & Dunning, 1999, for related evidence on students
overestimating their competence due to overconfidence), however, the learners assessed
themselves quite accurately at the beginning of the learning process, which is why the
feedback could not lead to any major improvement and the effect was therefore not

significant.

5.3 Future Research to Further Refine the CAFCALI Model

To sum up, the results of this dissertation show that, in line with previous research, the
elaboration and specificity of feedback, the level of complexity, and learners’ prior
knowledge are the main influencing factors regarding the effectiveness of computer-based
feedback; these proved to be crucial, regardless of subject domain, type of feedback
generation (system-generated or person-mediated), or the approach used to test significance.
However, there are still some open questions.

That learners with lower prior knowledge profited more from computer-based feedback
than did students with higher prior knowledge begs the following question: How can high-
performing learners be adequately supported? One recommendation by Shute (2008) is to
provide high-achieving students with delayed feedback. Other possibilities include the
implementation of adaptive ITS or innovative technologies such as Al-supported systems,
which could offer valuable potential (e.g., large language models, such as GPT or BERT;
Montenegro-Rueda et al., 2023; Scheurer et al., 2022; Tsai et al., 2020).

Regarding the second learner-related factor that revealed significance, it must be noted
that arousal was measured by self-assessments due to the online study setting of this

dissertation. Self-reports are discussed critically (see, e.g., Pekrun & Biihner, 2014; Tan et
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al., 2021), and previous research has indicated that learners struggle to self-assess their
performance or competences adequately and tend to overestimate their performance
(Dunning, 2011; Kruger & Dunning, 1999). Therefore, further research in which arousal is
measured using more objective measurement methods would help to clarify these results.
The aim of my future research is therefore to replicate and expand these results by collecting
and analyzing physiological data on learners’ electrodermal activity (EDA; measured by an
EDA wristband; see Hoogerheide et al., 2019, for an example). The significant effects of
underlying mechanisms and feedback traits raise further questions about other potential
influencing factors that would be worthwhile to investigate, including acceptance of digital
media, impact of social presence, feedback receptivity, or ratings of computer versus human
feedback. It would also be interesting to explore the influence of different domains, as I
found similar or overlapping results regarding the effectiveness and influencing factors of
computer-based feedback in the domain of expository writing and in the context of physical
problem solving. However, these subjects were not specifically manipulated in this
dissertation and were examined separately.

Regarding the feedback-related factors, future research is needed to investigate how more
complex learning could be supported using computer-based feedback and how computer-
based feedback messages should be formulated so that they contain all the necessary
information but avoid unnecessary complexity. Mason and Bruning (2001) reported that the
level of complexity produced contradictory findings on learning depending on the interaction
with other factors (e.g., students’ prior knowledge, time when the feedback is provided, level
of elaboration, specificity of feedback). For example, Mason and Bruning (2001) reported
that delayed feedback is more recommended for learners with higher achievement,
especially for more complex tasks, whereas students with lower achievement profited more
from immediate feedback regardless of the level of complexity. In addition, one can argue

that elaborated feedback is more complex than corrective feedback because it addresses
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multiple cues, whereas corrective feedback simply tells the learner if the answer was correct
or not. However, research suggests that elaborated feedback is more effective than corrective
feedback because of the extra information on how to improve their performance and correct
potential misconceptions (Mertens et al., 2022; Shute, 2008). In order to increase the
selectivity of individual factors, further research is needed. For example, Patchan et al.
(2016) assumed that the localization of feedback information (where it is displayed in the
learning environment) is another feedback-related factor connected to the representation and
complexity of the feedback message (see also Goodman & Wood, 2004; Goodman et al.,
2011, for related evidence). For example, in the text, as with highlighting, or on another
page, as can be the case with concept map feedback or text-based comments. Research based
on the cognitive load theory indicates that it makes a difference whether related information
is integrated or presented separately (Chandler & Sweller, 1991; Sweller et al., 1998, 2011).
In this dissertation, unfortunately, it is unclear whether the localization of the feedback
influenced the effect of representation or specificity, as localization was not mentioned or
explained transparently in most of the primary studies in the meta-analysis (Chapter 3). In
order to examine the effect of representation as well as the other feedback-related factors in
more detail, implementing more open scientific practices would be helpful (e.g., a more
transparent description of the individual constructs being investigated would allow for more
precise analyses).

Regarding the context-related factors, it would be interesting to investigate how
computer-based feedback (in combination with prior instruction) in the field and especially
in a school context affects the writing and problem solving performance of students, since
the experiments in this dissertation were all realized in an online setting with university
students. However, comparing the results of the experiments (see Chapter 4) with previous
research provides initial evidence that the pattern identified in this dissertation in the domain

of physics can be replicated in primary school (Fyfe & Rittle-Johnson, 2016), with different
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intervention materials and in different subject domains, as, for instance, Fyfe and Rittle-
Johnson (2016) produced similar results in the domain of mathematics and Shirah and

Sidney (2023) found related evidence in the domain of writing.

5.4 Practical Implications

When learners face difficulties during the learning process and need additional support,
feedback is considered an effective strategy to improve learning. However, providing
individualized and immediate feedback is very time-consuming and difficult, particularly in
heterogeneous courses. To relieve instructors, the question investigated in this dissertation
was under which circumstances computer-based feedback could be used to improve
students’ learning. Practitioners may ask themselves what type of computer-based feedback
they should use or what they need to be aware of, in terms of possible influencing factors,

when using computer-based feedback.

5.4.1 Conscious Choice of a Feedback Tool

In general, it can be said that computer-based feedback must be handled with caution and
that one cannot simply use any tool for every aim of learning (see also Mertens et al., 2022;
van der Kleij et al., 2015). My meta-analysis (see Chapter 3) has shown that there is great
heterogeneity in computer-based feedback tools and that not every tool is equally effective.
When selecting the tools, or when deciding to use person-mediated computer-based
feedback (where the teacher can create the feedback messages and choose the visualization,
but the computer is the medium through which the feedback is immediately and
simultaneously communicated), the first implication for practice is the importance of
implementing computer-based feedback in an elaborated and specific way. General or non-
elaborated feedback was consistently shown to be less or not at all effective in fostering
learning. The combination of non-elaborated feedback with prior strategy instruction can

even have a reducing effect compared to a single intervention. In contrast, elaborated
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feedback was consistently shown to be effective (see also Bangert-Drowns et al., 1991;
Mertens et al., 2022), both as a single intervention and in combination with prior strategy
instruction. Accordingly, practitioners should formulate feedback messages as simply and
precisely as possible, providing not only information about the correctness of the answer or
the error but also hints, suggestions, or prompts on how to improve performance related to
the goal of the task, repetition of the strategy that is needed to solve the task, or provision of
the steps needed to solve the task correctly (Kluger & DeNisi, 1996; Mertens et al., 2022;
Narciss & Huth, 2004; Shute, 2008). However, educators must be careful not to create a

message that is too complex.

5.4.2 Conscious Choice of Complexity and Orchestration

This dissertation also showed that the effectiveness of both system-generated feedback
from writing tools and person-mediated computer-based feedback (in the context of physics)
depend on the level of complexity. In line with previous research, the findings of the
dissertation consistently showed that computer-based feedback is more effective at a lower
level of complexity and that more support is needed for more complex feedback (i.e., higher
level of text quality, far transfer tasks). Practitioners must therefore be careful when using
feedback at a hierarchically higher level or for the purpose of improving a learning outcome
at a hierarchically higher level (see Mertens et al., 2022, for similar tendencies). In this case,
it is recommended that the instructors monitor more closely whether learners are benefiting
from the feedback or are perhaps overwhelmed or affectively frustrated and need further
support.

Regarding the orchestration of computer-based feedback, it can be assumed that there is
usually some kind of instruction (in the learning phase) at the beginning of every learning
process, followed by a practice phase with feedback (Kang et al., 2023). However, in

previous research, the effect of feedback was mostly investigated without considering the
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feedback environment and potential synergy- or interaction effects with prior instruction
(Kang et al., 2023). The findings of this dissertation, however, show the importance of
considering whether instruction is provided prior to computer-based feedback. Replicating
initial evidence on the orchestration of instruction and computer-based feedback, the
findings of this dissertation indicate that the induction of (topic-relevant) prior knowledge
through prior strategy instruction in combination with corrective feedback has no additional
added value for learners (see also Fyfe & Rittle-Johnson, 2016; Shirah & Sidney, 2023, for
similar results). However, this interaction effect can be counteracted with elaborated
feedback (see Chapter 4, Experiment 2), as combining prior instruction and additional
elaborated feedback produced additive effects.

For practice, the results imply first, that more is not always better (Kang et al., 2023): If
you have to work with corrective feedback, provide only one type of support (i.e., instruction
or corrective feedback). But in daily practice, there are two problems with this suggestion:
On the one hand, it is often not possible to omit the instruction, and on the other hand,
corrective computer-based feedback alone has no or only a small effect (Kuklick & Lindner,
2023; Mertens et al., 2022; Narciss, 2013; Shute, 2008). Therefore, it is recommended that
practitioners use the second option and apply a combination of prior instruction and
elaborated computer-based feedback, as this orchestration had positive effects.

In addition, when we take the prior knowledge of the learners into account, the findings
of this dissertation showed that, in line with previous research, computer-based corrective
feedback tends to be more beneficial for learners with a lower level of prior knowledge (Fyfe
& Rittle-Johnson, 2016; Mertens et al., 2022; cf. expertise-reversal effect, Kalyuga, 2007).
Elaborated feedback was shown to be beneficial for both learners with lower and learners
with higher levels of prior knowledge (see also Mertens et al., 2022, for similar results). This
is another reason why it is recommended for practitioners to implement elaborated feedback,

as no group of learners will be detrimentally affected. Although elaborated feedback is more
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time-consuming to provide than corrective feedback, this dissertation’s results show that the
additive effect of prior instruction and elaborated feedback (independent of learners’ levels
of prior knowledge) also occurs when implementing person-mediated computer-based
feedback. This means that teachers can formulate the feedback message in advance and the

computer system can provide it to the students immediately and simultaneously.

5.5 Conclusion

This dissertation systematically investigated the effectiveness of computer-based
feedback on learning and its boundary conditions from different perspectives. The special
feature here was that several feedback-, learner-, and context-related factors influencing the
effect of computer-based feedback were empirically examined, which has never been done
before in this way.

The newly developed CAFCALI model summarizes the theoretically conceptualized and
empirically tested influencing factors of computer-based feedback and thus provides
groundbreaking information for researchers and practitioners. First, future research could
refer to this model and expand it to include further possible influencing factors. However,
when investigating computer-based feedback, it is important that scientists are aware that
the effectiveness of computer-based feedback is higher when the feedback is specific and
elaborated and that learners with less prior knowledge benefit more from feedback,
especially on a hierarchically lower level or when a learning outcome is targeted at a lower
order. In addition, the instructional context must be taken into account, as providing
instruction prior to the feedback determines and distorts the effect of the feedback type (a
reducing effect when corrective feedback is provided and an additive effect when elaborated
feedback is provided).

Second, practitioners can also use the CAFCALI model as a guide and use the evidence

provided when creating feedback messages or selecting feedback tools. In essence,
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computer-based feedback has a learning-enhancing effect when it is elaborated and specific.
This dissertation has shown various ways in which digital media and educational
technologies can be used to implement elaborated feedback in a time-saving manner.

Finally, the goal of identifying how computer-based feedback can be effective was
achieved by showing that the effectiveness of such feedback depends on feedback-, learner-
, and context-related influencing factors. If these are taken into account, computer-based
feedback can be a helpful and time-saving supplement in teaching and in teachers’
instruction and support. For practitioners, it can also be utilized to provide individual,
immediate feedback simultaneously, and they can use the saved time to provide increased
support for individual learners.

In summary, computer-based feedback can be a useful instructional strategy for
supporting learners during their learning processes in a digital environment that is worth
exploring and implementing further as long as the influencing factors are carefully studied

and considered.
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Appendix

Appendix

Appendix A. Correlations of the Variables Across Conditions in Experiment 1

Variable 1 2 3 4 5 6

10

11

12

1. Prior knowledge
(.23%*|.34|
24*|.41%)

2. Performance in practice tasks

(.24%1.32*%  (.66*|.60%|
3. Performance in transfer tasks
.39%|.23%) .68%].52%)

(.220*%.28*  (.57%*|.55%] (.87|.84*]
4. Performance in near transfer tasks
29%*.31%)  70*.53*%)  .84%|.82%)

(.21].23%| (.55%.43*  (.83*|.78*  (.43%|.32%
5. Performance in far transfer tasks
.36*].09) 40%].35%) .80*].85%) .34%|.41%)

6. Subjective difficulty after learning (—22%]=27%| (—.34%|—.44%| (—.36*|—.33%*| (—.36*|-.35%| (—.26%-.17|

phase — 34%-36%) —.30%—30%) —47*—-27%) —39%-29%) —37*-.17)
(—30%1-.05] (=28%.18] (—17].25% (—15.19% (—.13]21]  (.40*.08|

7. Mental effort after learning phase
—12|-30%) 21*-.09) .20*-.00)  .18|-.03) .15].03) 171.21%)

(—.03]-.16]  (.08].23% (.10].10] (.06].09] (.10/.08]  (.09]-.20%
8. Arousal after learning phase

04105)  18.17)  .03|21%)  .07115)  —.02/20%) —.14[-20%) .30%-.02)
9. Subjective difficulty after practice (—-42*1~-38%| (-.55%=72% (~.50*|-.52%| (~A41*[~.51*| (—45*~32% (—40*|.54*] (38*~.10] (~.13]-.18)

phase —43%|— 42%) —59%[— 77%) —.62%-.50%) —.58*%|—.49%) —43*—36%) .64%|.58%)

Note. * indicates p < .05.
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Appendix

Appendix A. Correlations of the Variables Across Conditions in Experiment 1, continued

Variable 1 2 3 4 5 6 7 8 9 10 11 12
1. Prior
knowledge
2. Performance
in practice tasks
3. Performance
in transfer tasks
4. Performance
in near transfer
tasks
5. Performance
in far transfer
tasks
6. Subjective
difficulty after
learning phase
7. Mental effort
after learning
phase
8. Arousal after
learning phase
9. Subjective

difficulty after
practice phase
10. Mental (—27*%-29% (—.21%*-.08] (—.14|.01] (—.12]-.04] (=.13|.07] (.16|.17] (43%*.44* (—.01].19% (.55%.38%*]
effort after —32%-31%) —-.07-35%) -.07-.16) —.00[-.21%) —.12|-.07) .29%|.48%) .64%*.56*%) .24|-.07) .39%.54%)

practice phase
11. Arousal after (—.04]-.11]  (.10].41*  (.13].21%  (.11].19%| (10115 (12]=21%  (14).16]  (.87*|.85%| (—.21*-.31%*| (—.01].22%]

practice phase .06/.02) 30%.22%)  .15].25%) .14].18) .101.23%)  —.18]-.22%) .27*.04) .88%*.89*) —25*%-.36*) .18|-.02)

12. Monitoring  (—.05|—.14| (—.78*|—.79*|(—.42*|—.46*|(—.32%-.38*|(—40*—.37* (.13].08] (.05]-.35*% (—.04|-.14] (.18|.44* (.03|-.05| (—.03]-.34*

accuracy —20%—-.20%) —.45%-.78%) —.73*—.27*%) —.58*-.31*%) —.61*—-.15) .09|.14) —.27*%-.09) —.08/-.01) .29%.47*) —.06].07) |

practice tasks —.22%-.10)

13. Monitoring (0106  (—=.33*-.32*%|(—.62*|—.T1*|(—.49*|-.55*|(—=.57*|-.61* (.06]-.10] (—.15]—.41* (-.04/.00 (—.01].16] (—.11-.15] (—.03]-.12](.65%|.66%]|
accuracy —20%.03) —.45%—.23%) —.73*-.66*) —.58*%|—.53%) —.61*-.58%) .09*—-.05) —.26*]—.21*%) .08]—.01)  .23*.13) —.09]—.19) —.06|-.09) .75%|.53%)

transfer tasks
Note. * indicates p < .05.
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Appendix

Appendix B. Summary of ANCOV As Measuring the Effects of Feedback, Strategy Instruction, and its Interaction on Students’
Practice Tasks, Overall, Near, and far Transfer Performance in Experiment 1

Variables F(1,432) P T]IZD

Practice tasks

Strategy Instruction 9.21 003 .02

Feedback 0.34 562 .00

Interaction 2.15 144 .01
Transfer tasks (overall)

Strategy Instruction 4.19 041 01

Feedback 2.07 151 01

Interaction 0.36 551 .00
Near transfer

Strategy Instruction 0.51 474 .00

Feedback 2.20 139 .01

Interaction 1.34 247 .00
Far transfer

Strategy Instruction 7.19 .008 .02

Feedback 0.72 397 .00

Interaction 4.98 026 .01

Note. Significant p-values are highlighted in bold.
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Appendix C. Summary of Mediation Analyses Regarding the Instruction-by-Feedback Interaction Effect on Students’ Far Transfer

in Experiment 1

Mediator b
Mental effort .0003
Subjective difficulty .0033
Judgement of learning -.0005
Monitoring accuracy .0186
Arousal -.0008
Pleasure -.0009

SE»

.0014
.0067
.0060
.0099
.0025
.0033

95% CI
[-0.0029, 0.0032]
[-0.0097, 0.0166]
[-0.0125, 0.0110]
[-0.0008, 0.0382]
[-0.0060, 0.0043]
[-0.0077, 0.0054]

Note. Significant results are highlighted in bold letters.
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Appendix D. Summary of Moderated Mediation with Valence of Feedback as Moderator in Experiment 1

Mediator b SE» 95% CI
Mental effort -.0068 .0058 [-0. 0206, 0.0019]
Subjective difficulty -.0003 0116 [-0. 0232, 0. 0225]
Judgement of learning .0051 0113 [-0.0172, 0.0270]
Monitoring accuracy .0335 .0262 [-0.0168, 0.0859]
Arousal 0136 0076 [0.0009, 0.0303]
Pleasure .0071 .0083 [-0.0088, 0.0247]

Note. Significant results are highlighted in bold letters.
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Appendix E. Correlations of the Variables in Experiment 2

Appendix

Variable 1 2 3 4 5 6
1. Prior knowledge
2. Performance in practice tasks (.27*.25%
26%].32%)
3. Performance in transfer tasks (:31%.26*| (.47*.40%
.20[.14) .68*|.51%)
4. Performance in near transfer tasks (:34%*|.26*| (.52%.37% (-89%|.81%
.22].19) 76%|.61%) .84%|.81%)
5. Performance in far transfer tasks (-19].16] (.28*.27% (.85*|.78*| (.53*.27%|
.12].05) 38%|.27%) .83%].86%) 39%|.41%)
6. Subjective difficulty after learning phase (—.17}-.19| (—.25%-.30% (—.34*|-.36%| (—.33*-.30% (—.25%-.26*|
—.35%-.33%) —41%-31%) —.32%-37%) —23%-.36%) —30%-.27%)
7. Mental effort after learning phase (—.22]-.32% (—.08|-.19] (—.19]-21) (—.07|-.22 (—.28*-.11| (.20].24%*|
.09]—.29%) .18].01) .07]-.04) .161.00) —.05]-.06) .151.32%)
8. Arousal after learning phase (.25%-.03| (.28*.12] (.16]-.06]| (.16|-.04| (.10|-.006| (—=.37*-.12]
191.11) .16].12) 22].21) 26%].15) .11].20) —.24%-.14)
9. Subjective difficulty after practice phase (—.32*]-.16] (—.37*—.65%| (—.46*|—.35%| (—.A41*—.42% (—40*—.13| (.40%*].34*|
—.20|-.27%) —47*-.79%) —A41%-.52%) —.39%-.59%) —29%-.30%) 53*.47%)
10. Mental effort after practice phase (—=17-.10| (—17-.26%| (—=12-.11j (.02-.15] (—.25%-.03| (.02).21]
.04]—.40%) —.10]-.25%) —.16|-.12) —.09]-.11) —.18|-.09) .25%].33%)
11. Arousal after practice phase (.23%[.04] (.37%.29%| (.24*-.00| (.24%*1.08| (.17|-.09]| (—.44*-.02]
.13].08) .12].23%) 26%].25%) .28%.19) .14].23%) —.14]-.12)
12. Monitoring accuracy practice tasks (=21-.27% (—.88*|—.81% (—.33*—.28% (—.38*—.28%| (—.19]-.16| (.05/.02
05-.11) = 74%-.70%) —.45%-.20) —.59%-.26%) —.16|-.09) —.15]-.16)
13. Monitoring accuracy transfer tasks (—.09-.14| (—.23*.27%| (= 71*=.56%| (—.63*|—.42%| (—.62%|— 47| (.06]-.05]
.19].16) -.17).14) —.54%—.49%) —37*-.25%) —.53%-.54%) —25%-.13)
14. Utility of the learning phase (—.04|-.10| (.06]-.03] (—.02].05 (.01]-.00] (—.05/.08] (—.25*-.18]
.14]-.01) 44*.14) AT*.25%) A7%].16) .32%.26%) —.53*-21)
15. Utility of the practice phase (:27%*.05] (.38%].43% (:34*%1.31% (.37*|.34% (.20].15] (—=20-.17|
21]-.06) 51%|.46%) .33%.40%) .39%|.42%) 16].27%) —.50%-.05)

Note. * indicates p < .05.
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Appendix E. Correlations of the Variables in Experiment 2, continued

Variable 7 8 9 10 11 12 13 14
1. Prior knowledge
2. Performance in practice tasks
3. Performance in transfer tasks
4. Performance in near transfer tasks
5. Performance in far transfer tasks
6. Subjective difficulty after learning
phase
7. Mental effort after learning phase
8. Arousal after learning phase (.02].03|
.19].15)
9. Subjective difficulty after practice (.21].40%| (—.33*]-.22]
phase .18].10) —.14]-.14)
10. Mental effort after practice phase (.46*].53%| (—.07.02| (:37*.56*|
.56%|.40%) .06].10) .54%|.36%)
11. Arousal after practice phase (=.07]-.17| (.86*].73%| (—.37*-.30%| (—.03]-.18|
17).19) 91%|.88%) —.17]-.22) .05].11)
12. Monitoring accuracy practice tasks (—.03|.19| (—.07|.13] (.11].41% (.16).22] (—12-.15
—.20]-.08) .08].12) .12].40%) —.01/.13) .04].00)
13. Monitoring accuracy transfer tasks (—.01].02| (.12].35%| (—.15|-.34%| (—=.03-.12| (.09].32%| (.37%*].04]
—.05.02) .06).13) —.34*-.21) —.11]-.02) —.00].15) .34%|.23%)
14. Utility of the learning phase (:227%.25% (:33*%.26%| (—.04].21] (.15].18| (:227%|.21] (.02].09 (.00]-.10]
.20[.29%) 44%|.20) —.32%-.23) —.02/.11) 40%|.24%) —.08|.04) —.07-.00)
15. Utility of the practice phase (—19]-.22| (.15].32%| (=.57*-40*%  (-.07]-.19] (:32%.36% (—.17]-.33% (.13].12 (—.01].26%|
.20[.33%) 25%[.13) —48%|—.45%) .00].15) .22|.23%) —.23*|-25%) .23%[.10) S59%|.51%)

Note. * indicates p < .05.
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9

Appendix F. Summary of ANCOVAs Measuring the Effects of Feedback, Strategy Instruction, and its Interaction on Students
Practice Tasks, Overall, Near, and far Transfer Performance in Experiment 2

Variables F(1, 305) p 5

Practice Tasks

Strategy Instruction 3.78 051 .01

Feedback 1.93 .166 .00

Interaction 0.37 .545 .00
Transfer tasks (overall)

Strategy Instruction 6.43 012 .02

Feedback 8.39 .004 .02

Interaction 0.81 .369 .00
Near transfer

Strategy Instruction 0.58 447 .00

Feedback 10.18 002 .02

Interaction 0.19 .662 .00
Far transfer

Strategy Instruction 12.02 001 .04

Feedback 2.67 103 .01

Interaction 1.13 289 .00

Note. Significant p-values are highlighted in bold.

245



Appendix

Appendix G. Correlations of the Variables in Experiment 3

Variable 1 2 3 4 5 6

1. Prior knowledge

2. Performance in practice tasks (:41%).23|.32%)

3. Performance in transfer tasks (-11].32*1.27) (.42%|.40*].47%)

4. Performance in near transfer tasks (.34%|.34*|.32%) (.45%.41%*|.42%) (.85%].85*|.86*)

5. Performance in far transfer tasks (—.22/.17|.10) (.21].22].35%) (.77*.76*|.80%) (.33%.31%*].38%)

4. Subjective difficulty after learning phase (—.16]-221-21)  (—.17]-36%-.20) (—.16]—.45%-30%) (—.23|-.44*-.30*) (—.01-.28%-.19)

5. Mental effort after learning phase (—.18].10]-.03) (—.03].20.10) (.08]-.03.11) (—.05]-.01|.16) (:20]-.04/.02) (:30%.18]-.12)
6. Arousal after learning phase (—.13].191.07) (.01].41#|.33%) (-11].29%|.31%) (.12).27%|.24) (.05].19].29%) (.05]-27*-.31%)
7. Subjective difficulty after practice phase  (—.27*—.32*—.37*) (—.40%—.80%—.71*) (—.29%|-.50*—.44*) (—.25|-.46*—.41*) (—.21]-.35*%-.32%) (.45*|.60%|.25)
8. Mental effort after practice phase (—04]-.13].05) (—.04/-.24|-24) (—.08-.29*-.09)  (—.13]-.21].01) (.00]-.26*-.18) (.36%*|.38*|.05)
9. Arousal after practice phase (—.15/.28%.11) (.19 |.47*.30%) (.03].26*.17) (.09].21].12) (—.06|.21].17) (—.14-.21]-.10)

10. Monitoring accuracy after learning phase (—.35*—.01]-.07) (—.83*|-.76*-.76*) (—.26*-.16/-.20) (—.24|-.18|-.16) (—.18-.07-.17) (—=.11-.12]-.06)

11. Monitoring accuracy after practice phase (—.00].04|.08) (—.08].26*.04)  (=.70%|—.52*|—.63%) (—.54*|—.41*|—.47%) (—.62*|—.44%-.58%) (-.19]-.20].12)
12. Utility of the learning phase (.12[.13].11) (.04/.45*.47%) (.31*.50*|.53%) (.32%*|.45*].50%) (.17].34*%.38%)  (—.45%|-.37*—.48%)
13. Utility of the practice phase (.12[.13].11) (.30*%.56*|.51%) (.19].33*].42%) (.13].40*.38%) (.18].101.30%)  (—.37*-.30*-.35%)

Note. * indicates p < .05.
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Appendix G. Correlations of the Variables in Experiment 3, continued

Appendix

Variable 7 8 9 10

11 12 13 14

1. Prior knowledge
2. Performance in practice tasks

3. Performance in transfer tasks

4. Performance in near transfer
tasks

5. Performance in far transfer
tasks

4. Subjective difficulty after
learning phase

5. Mental effort after learning
phase

6. Arousal after learning phase  (.00].25%|.43%)

7. Subjective difficulty after (—.04/-.06|.03) (—.06|-.28%-.22)
practice phase

8. Mental effort after practice ~ (.34*|.43*.44%) (.29%*|.01].16) (.18].53%.22)
phase

9. Arousal after practice phase (.07|.09].28)  (.81*|.80%*|.82*) (—.12|-.31*]-.22) (.23]-.07|.30%)

10. Monitoring accuracy after (.15]-.22).11)  (.11]=15]-.10)  (.06/.39%*|.50%*)  (.05].03].36%)
learning phase

11. Monitoring accuracy after  (—.10[.12|-.01) (—.02].12|-.13) (—.24]-.32%-.03) (—.15|-.15].08)
practice phase

12. Utility of the learning phase (—.00].23[.28)  (.12|.28%[.51%) (—.27|-.45%|-.38%) (~.18]-.07|.14)
13. Utility of the practice phase  (—.05].26.15)  (.19].35%.28) (~.59%—.47*|-.43*) (.01|-.01].11)

(.00-29%—.13)

(12.10.01)  (.23[.05.21)

(17.34*41%)  (17]-26*~.11) (-.07|-.09]-.23)
(.18].44%|31%) (—.04|-47*~27) (.22].03-.04) (.45*|.68*|.58*)

Note. * indicates p < .05.
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Appendix H. Results of the Contrast Analyses in Experiment 3

Variables #(162) p d

Practice tasks

Control vs. experimental condition (H1) 2.33 021 0.34

Flipped vs. regular condition (H2) 0.55 .580 0.07
Transfer tasks (overall)

Control vs. experimental condition (H1) 2.34 027 0.37

Flipped vs. regular condition (H2) 0.21 831 0.03
Near transfer

Control vs. experimental condition (H1) 2.12 036 0.33

Flipped vs. regular condition (H2) —0.36 716 —0.08
Far transfer

Control vs. experimental condition (H1) 1.52 131 0.25

Flipped vs. regular condition (H2) 0.80 427 0.15

Note. Significant p-values are highlighted in bold. For H1, we used the following contrast weights: control condition: —2; regular sequence: 1;
flipped sequence: 1. For H2, we used the following contrast weights: control condition: 0; regular sequence: —1; flipped sequence: 1.

Furthermore, we included students’ prior knowledge as covariate in both contrast analyses.
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