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“Thinking scientifically entails adopting a scientific attitude, an appreciation that
evidence is important and the willingness to change views in light of new
evidence. An individual may struggle to pick up scientific thinking without
deliberate and thoughtfully crafted instruction designed to promote it. The
disposition to think critically and analytically must be encouraged because our
natural tendency is to make quick judgments and move on. Individuals may be
unwilling or unable to do the heavy lifting scientific thinking requires.”

Gale Sinatra & Barbara Hofer, 2021






Acknowledgements

I would like to express my gratitude to everyone who supported me during my dissertation.
First and foremost, I would like to thank Prof. Dr. Katharina Scheiter, for all the time and effort
she invested in helping, advising, and supervising me. Thank you, Katharina, for all your
support, feedback, ideas, and for finding the perfect balance between providing me with
guidance and freedom. I would like to thank my second supervisor Prof. Dr. Andreas Lachner,
for his ideas, advice, and quick and helpful feedback. I would like to thank Prof. Dr. Juliane

Richter for supporting me in the early stages of my PhD and answering all my questions.

I would like to also thank Prof. Dr. Caterina Gawrilow for being my second reviewer. [ would
like to thank the Leibniz-Institut flir Wissensmedien for providing me with a supportive
working environment and the LEAD Graduate School & Network for the networking

opportunities and inspiring retreats.

Next, I would like to thank my colleagues in the AG Multiple Representations for their support
and help with navigating the German language and bureaucracy. Thank you, Salome Worner,
for being there for me through all the ups and downs, for your friendship, for the care package
you made that helped me write my dissertation, and for all the nice moments we shared
together. Thank you, Emely Hoch, for all your support and advice in professional and personal

context, and the friendship that followed.

Finally, I would like to say a special thank you to my family — to my father who inspired me to
pursue a career in academia in the first place; to my mother who has always been my greatest
supporter; to my sister who has always been there to give me advice and emotional support.
Just as importantly, I would like to say a very special thank you to Yannick Burkart for
encouraging me, believing in me, supporting me emotionally, and reminding me of what is

important in life.






TABLE OF CONTENTS

Table of Contents
N 101101121 o) TP SRTRRRRR 1
ZuSAMMENTASSUING. .......oooiiiiiiiiiiiiie ettt te et e e s teeeseteeesaeesntaeesnsaeesasaeesnseeesnseeenanes 4
List of Publications and Contributions ................co.cooiiiiiiiiiiiiieeeeeeeee e 7
Lo INErodUCTION ...ttt ettt 10
I1. Scientific Reasoning and Argumentation ...............c...cccccoooiiiiiniinienciecceeeee e 14
1. Scientific REASONING .....cc.eovuiiiiiiiiiiiirieeetee ettt 14
N 41111157 117110 o OSSP RUP SRS SUPRP 16
3. Teaching Scientific Reasoning through Inquiry ...........coccooiiiiniiiiinnicecee 17
ITI. Self-Regulated Learning.............ccocooiiiiiiiiiiniiiiiiceeec e 22
1. Definition of Self-Regulated Learning ............ccceeeveevieeiiienieiiiieniecieesie e 22
2. Self-Regulation during Inquiry Learning..........cccceecveeviieiniieeniieeieeeieeeiee e eevee e 23
IV. Temporal Modeling of Learning Processes................cccccoeviiieiiiiniiieenieeeie e 27
1. Epistemic NetWork ANalySiS.....c.ceeeciieriiiiiiiiieiiie ettt eaee e e 28
2. PTOCESS MININEG.....eiiiiiiieiiieciie ettt ettt e e et e et e e eaee e taeeensaeesssaeesnsaeeenseeesnseeennses 30
V. Objectives and Expected QOUtCOMES .............c.cooouiieriiiieiiiieiiieeiiee e erveeeieeeeaeeesaee e 32

VI. Study 1: How do Students’ Cognitive and Motivational Characteristics Relate to

Experimentation Skills and Conceptual Understanding during Scientific Inquiry? ...... 34
L ADSIIACT ..ttt ettt sttt ettt naeen 34
2. Theoretical BaCkground.............ccooviiiiiiiiiiiiieiecieee ettt 35
3. The Present STUAY .....ooviiiiieieeie ettt ettt ettt e st e e beessaeenseesnaeens 40
A IMELNOM ...ttt et sttt e nbeeeanean 42
S RESUILS ettt ettt ettt be e e re e i ea 46
0. DISCUSSION ...ttt ettt ettt ettt et e et e et e s bt et e e eat e et e e ssbeeabeessbeenbeeabeesnseenneeans 49
7 CONCIUSION ..ottt ettt et e et et esate et e e s bbeenbeesseeenbeennneans 53

VII. Study 2: It Takes Two to Tango: How Scientific Reasoning and Self-Regulation

Processes Impact Argumentation Quality ................coocoiiiiiiiiiiiiie 54



TABLE OF CONTENTS

| o] ¢ 1o AR 54
2. INEOAUCTION ...ttt et a e ettt s e s e et esseeeneeas 55
3. Theoretical BaCK@round............ccooiuiiiiiiieiiieeee e e s 55
4. The Present STUAY .....eeeiiieeiie ettt e e e et eetae e e aa e e s asaeesssaeesaseeennns 63
S MEROM ..t sttt sttt 64
0. RESUILS ...ttt sttt et b ettt s bbbttt naeen 73
7. DISCUSSION ..ttt ettt ettt ettt se et e i e b et eatesbe e bt ene e e bt enbeentesaeeseentesneebeenteneeens 82
8. COMNCIUSION ...ttt ettt et a et s ee et e bt e st e bt et e satesaeenbeeneesaeenee 88

VIII. Study 3: Do Video Modeling and Metacognitive Prompts Improve Self-Regulated

Scientific INQUITY? ..ot 89
RN o] v To1 APPSR 89
B 1313 (016 1015 (o) o DU 90
3. Theoretical FramewWOrK...........cociiiiiiiiiiiiiiiieiee ettt 90
4. The Present StUAY .......ccooiiiiiiiiii ettt sttt eaeeas 97
S METROA ...ttt ettt e et e teeeabeenaaeens 98
0. RESULILS ...ttt sttt e 110
7. DISCUSSION ..ttt ettt ettt ettt et e s bttt e s it e bt e eab e e bt e sab e e bt e eabe e bt e sabeenbeeeaneenne 118
8. CONCIUSIONS ...ttt ettt st ettt ettt e bt e bt e sbeeeareas 124
IX. Results and DiSCUSSION .......c.c..cooiiiiiiiiiiiiiiiic e 125
1. SUMMATY Of RESUILS ...cciuiiiiiiieciieeeee et et e e sebee e 126
2. Theoretical IMPlICATIONS ........eeieiieeiiieiiiieeiie e eeiee et e et e e e e aeeeeeeesaeeesaeeesnbaeenns 128
3. Educational IMPlICAtIONS .........cceeiiiiiiiiiiieiie ettt st 135
4. Strengths and LIMItations ........cccueeruierieeiiieeie ettt ettt eb e e ensee e 137
5. CONCIUSION ..ttt sttt et ettt st sb e et sbe et st e sbee b ennes 141
X RETCIEICES ..ottt ettt et e saeesteenaeeeas 142
APPEIAIX A ..ottt e et e et e e et e e e bt e e et eeenbeeenbeeenabeeeanes 170

APPENIX B ..ot 172



SUMMARY

Summary

The improvement of scientific reasoning and argumentation has become a central aim of
science education, which resulted in an increased implementation of active learner-centered
pedagogies like inquiry learning (KMK, 2020; NASEM, 2021). Since inquiry learning relies
on students’ active engagement and participation (Freeman et al., 2014), it is important to
consider factors related to its effective implementation. This dissertation has three conceptual
aims related to investigating 1) the combined influence of students’ cognitive and motivational
characteristics on their experimentation skills and conceptual understanding, 2) the interplay
of self-regulation and scientific reasoning processes and argumentation quality, and 3) the
effectiveness of integrated scaffolding of self-regulation and scientific reasoning for students’
learning processes and learning outcomes in the context of inquiry learning. Three studies were

conducted to investigate these conceptual aims.

Study 1 examined how cognitive and motivational characteristics conjointly relate to
students’ experimentation skills and conceptual understanding in a guided inquiry learning
science lesson. Secondary school students from six classes (N = 110, Mug = 12.07 years)
attended a lesson and solved a structured inquiry task using a simulation on the topic of
photosynthesis. Students’ experimentation skills comprised the proportion of controlled
experiments they conducted. Argumentation quality was measured from students’ answers to
the research question of the inquiry task. Conceptual understanding comprised students’
written argumentation quality and posttest scores. Results revealed three distinct clusters, based
on students’ prior knowledge, academic self-concept, and interest: Underestimating,
Struggling, and Strong. Underestimating students had high prior knowledge, but low interest
and self-concept. Struggling students scored below average on all three variables, whereas
Strong students scored above average on all variables. Struggling students performed
significantly higher proportion of controlled experiments than Strong students while
Underestimating and Strong significantly outperformed them in the conceptual knowledge
posttest. There were no differences between the clusters in argumentation quality. A mediation
analysis found no significant mediation of experimentation skills for the relationship between
students’ individual prerequisites and conceptual understanding, suggesting that the proportion

of controlled experiments might be a too limited measure of students’ experimentation skills.
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Study 2 investigated the interplay of scientific reasoning and self-regulation processes
in students with high and low argumentation quality. University students (N = 30, Myge=23.33
years) solved an inquiry task on the topic of population genetics that asked them to test an
assumption made by a fictitious person using a computer simulation. At the end of the task,
they wrote an explanation answering the original research question, from which argumentation
quality was coded. Fine-grained process data, obtained from screen recordings and think aloud
protocols during the inquiry task, were used to explore the co-occurrences of scientific
reasoning and self-regulation processes in relation to argumentation quality. A comparison
between students with high and low argumentation quality using epistemic network analysis
(ENA) showed that high argumentation quality students performed different scientific
reasoning processes conjointly (and correctly) more frequently than low argumentation quality
students. Importantly, more frequent co-occurrences of self-regulation processes (e.g.,
monitoring) and scientific reasoning activities were observed in the high argumentation quality
group. These findings suggest that instruction, which integrates self-regulation and scientific

reasoning, might be beneficial for improving scientific reasoning and argumentation.

Study 3 investigated the effectiveness of an integrated instruction of self-regulation and
scientific reasoning using video modeling examples (VM) and metacognitive prompts (P),
designed based on the results of Study 2. In two inquiry tasks, the effects of watching VM
examples combined with prompts (VMP) to watching VM examples only, and to unguided
inquiry (control) were compared. The intervention was evaluated with respect to university
students’ (N = 127, Mug = 24.3 years) scientific reasoning ability, hypothesis and
argumentation quality, and scientific reasoning and self-regulation processes. Results showed
that participants in the VM conditions had higher hypothesis and argumentation quality in the
training task and higher hypothesis quality in the transfer task than the control group. No
differences between the two VM conditions were found, suggesting no additional benefit of
the prompts. Students’ conjoint and sequential use of self-regulation and scientific reasoning
processes were modeled using ENA and process mining. Stronger co-occurrences between
scientific reasoning and self-regulation processes in the two VM conditions compared to the
control condition were found using ENA, whereas process mining additionally revealed
specific sequences of these processes. These findings indicate that an instruction that integrated
self-regulation and scientific reasoning resulted in more conjoint use of scientific reasoning
and self-regulation processes, and higher hypothesis and argumentation quality. Therefore, the

integrated instruction of self-regulation and scientific reasoning improved students’ learning
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processes and learning outcomes. Findings from this dissertation indicate that students’ prior
cognitive and motivational prerequisites, self-regulation processes, and scientific reasoning

processes need to be considered in addition to learning outcomes during inquiry learning.
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Zusammenfassung

Wissenschaftliches Denken und Argumentieren zu verbessern ist ein zentrales Ziel
naturwissenschaftlichen Unterrichts, weshalb aktive lernerzentrierte Unterrichtsformen wie
beispielsweise das forschende Lernen heutzutage vermehrt eingesetzt werden (KMK, 2020;
NASEM, 2021). Da forschendes Lernen auf dem aktiven Engagement und der Beteiligung der
Lernenden beruht (Freeman et al., 2014), ist es wichtig, Faktoren zu beriicksichtigen, die mit
der effektiven Umsetzung dieser Lernform zusammenhéngen. In dieser Dissertation werden
drei konzeptionelle Ziele verfolgt: 1) der kombinierte Einfluss der kognitiven und
motivationalen Merkmale von Schiilerinnen und Schiilern auf ihre Experimentierfahigkeiten
und ihr konzeptionelles Verstindnis, 2) das Zusammenspiel von Selbstregulation und
wissenschaftlichen Argumentationsprozessen sowie die Argumentationsqualitdt und 3) die
Wirksamkeit von integrierten Hilfestellungen zu Selbstregulation und wissenschaftlichem
Denken fiir die Lernprozesse und Lernergebnisse der Schiilerinnen und Schiiler im Kontext des
forschenden Lernens. Drei Studien wurden durchgefiihrt, um diese konzeptionellen Ziele zu

untersuchen.

In Studie 1 wurde untersucht, wie kognitive und motivationale Fahigkeiten gemeinsam
mit den Experimentierfdhigkeiten und dem konzeptionellen Verstandnis der Schiilerinnen und
Schiiler im angeleiteten forschenden Naturwissenschaftsunterricht zusammenhédngen.
Sekundarschiilerinnen und -schiiler aus sechs Klassen (N = 110, Myier = 12.07 Jahre) sollten
im Rahmen einer Biologie-Unterrichtsstunde mit Hilfe einer Simulation zum Thema
Photosynthese eine angeleitete Experimentieraufgabe 16sen. Die Experimentierfahigkeiten der
Schiilerinnen und Schiiler wurden durch den Anteil der von ihnen kontrolliert durchgefiihrten
Experimente erfasst. Die Argumentationsqualitit der Schiilerinnen und Schiiler wurde anhand
threr Antworten auf die Forschungsfrage zu der Experimentieraufgabe gemessen. Das
konzeptionelle Verstindnis wurde durch die Qualitit der schriftlichen Argumentationen der
Schiilerinnen und Schiiler und ihrer Ergebnisse im Posttest erfasst. Die Ergebnisse zeigten drei
verschiedene Cluster von Schiilerinnen und Schiilern, basierend auf ithrem Vorwissen, ihrem
akademischen Selbstkonzept und ihrem Interesse: sich selbst unterschitzende, schwache und
starke Schiilerinnen und Schiiler. Sich selbst unterschitzende Schiilerinnen und Schiiler hatten
ein hohes Vorwissen, aber ein geringes Interesse und Selbstkonzept. Die schwachen
Schiilerinnen und Schiiler erzielten bei allen drei Variablen unterdurchschnittliche Ergebnisse,

wihrend die starken Schiiler bei allen Variablen {iberdurchschnittliche Ergebnisse erzielten.
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Die schwachen Schiilerinnen und Schiiler fiihrten einen signifikant hoheren Anteil an
kontrolliert durchgefiihrten Experimenten durch als starke Schiilerinnen und Schiiler, wahrend
Schiilerinnen und Schiiler, die sich selbst unterschitzten, und starke Schiilerinnen und Schiiler
beim Posttest zum konzeptuellen Verstdndnis signifikant besser abschnitten. Bei der
Argumentationsqualitit gab es keine Unterschiede zwischen den Clustern. Eine
Mediationsanalyse zeigte keine signifikante Mediation der Experimentierfahigkeit auf die
Beziehung zwischen den individuellen Voraussetzungen der Schiilerinnen und Schiiler und
ihrem konzeptionellen Verstindnis, was darauf hindeutet, dass der Anteil der kontrolliert
durchgefiihrten Experimente nicht aussagekriftig genug fiir die Experimentierfdhigkeit der

Schiilerinnen und Schiiler sein konnte.

In Studie 2 wurde das Zusammenspiel von wissenschaftlichem Denken und
Selbstregulationsprozessen bei Studierenden mit hoher und niedriger Argumentationsqualitét
untersucht. Universitdtsstudierende (N = 30, Muwr = 23.33 Jahre) losten eine
Experimentieraufgabe zum Thema Populationsgenetik, bei der sie eine von einer fiktiven
Person gemachten Annahme mit Hilfe einer Computersimulation liberpriifen sollten. Am Ende
der Aufgabe schrieben sie eine Erklarung, die die urspriingliche Forschungsfrage beantwortete,
und die Qualitdt ihrer Argumentation in dieser Erkldrung wurde kodiert. Detaillierte
Prozessdaten, die aus Bildschirmaufzeichnungen und Protokollen des lauten Denkens wéihrend
der Experimentieraufgabe gewonnen wurden, wurden verwendet, um das gemeinsame
Auftreten von wissenschaftlichem Denken und Selbstregulationsprozessen in Bezug auf die
Argumentationsqualitdt zu untersuchen. Ein Vergleich zwischen Studierenden mit hoher und
niedriger Argumentationsqualitit unter Verwendung der epistemischen Netzwerkanalyse
(ENA) =zeigte, dass Studierende mit hoher Argumentationsqualitit verschiedene
wissenschaftliche Argumentationsprozesse hiaufiger gemeinsam (und korrekt) durchfiihrten als
Studierende mit niedriger Argumentationsqualitit. Besonders wichtig ist, dass in der Gruppe
mit hoher Argumentationsqualitit hdufiger Selbstregulationsprozesse (z. B. Monitoring) und
Aktivititen des wissenschaftlichen Denkens zusammen auftraten. Diese Ergebnisse deuten
darauf hin, dass Unterricht, der Selbstregulation und wissenschaftliches Denken integriert, fiir
die Verbesserung des wissenschaftlichen Denkens und Argumentierens von Vorteil sein

konnte.

In Studie 3 wurde die Wirksamkeit von Unterricht untersucht, der Selbstregulation und

wissenschaftliches Denken mittels Videomodellierungsbeispielen (VM) und metakognitiven
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Prompts (P) integrierte und der auf der Grundlage der Ergebnisse von Studie 2 konzipiert
wurde. In zwei Experimentieraufgaben wurde der Effekt des Betrachtens von VM-Beispielen
in Kombination mit Prompts (VMP) mit dem des Betrachtens von VM-Beispielen allein und
mit dem von unangeleitetem Experimentieren (Kontrollgruppe) verglichen. Die Intervention
wurde dahingehend bewertet, welche Fahigkeiten Universitdtsstudierende (N = 127, Mujser =
24.3 Jahre) zum wissenschaftlichen Denken, zum Aufstellen hochqualitativer Hypothesen und
Argumente sowie zu Prozessen des wissenschaftlichen Denkens und der Selbstregulation
aufwiesen. Die Ergebnisse zeigten, dass die Teilnehmerinnen und Teilnehmer der VM-
Bedingungen eine hohere Hypothesen- und Argumentationsqualitéit in der Trainingsaufgabe
und eine hohere Hypothesenqualitét in der Transferaufgabe hatten als die Kontrollgruppe. Es
wurden keine Unterschiede zwischen den beiden VM-Bedingungen festgestellt, was darauf
hindeutet, dass die metakognitiven Prompts keinen zusitzlichen Nutzen hatten. Das
gemeinsame Auftreten von Selbstregulations- und wissenschaftlichen
Argumentationsprozessen bei Studierenden wurde mit ENA und Process Mining modelliert.
Die ENA zeigte, dass in den beiden VM-Bedingungen im Vergleich zur Kontrollgruppe die
Prozesse des wissenschaftlichen Denkens und der Selbstregulation vermehrt gemeinsam
auftraten, wihrend das Process Mining zusitzlich spezifische Sequenzen dieser Prozesse
aufzeigte. Diese Ergebnisse deuten darauf hin, dass Unterricht, der Selbstregulation und
wissenschaftliches Denken integriert, zu einem stirkeren gemeinsamen Auftreten von
Prozessen des wissenschaftlichen Denkens und der Selbstregulation sowie zu einer hdheren
Hypothesen- und Argumentationsqualitdt fiihrt. Der Selbstregulation und wissenschaftliches
Denken integrierende Unterricht verbesserte also die Lernprozesse und Lernergebnisse der
Studierenden. Die Ergebnisse dieser Dissertation deuten darauf hin, dass beim forschenden
Lernen neben den Lernergebnissen auch die kognitiven und motivationalen Voraussetzungen,
die Selbstregulationsprozesse und die Prozesse des wissenschaftlichen Denkens der Lernenden

beriicksichtigt werden miissen.
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I. Introduction

Recent societal challenges that individuals face (e.g., COVID-19 pandemic, vaccines, energy
supply, and climate change) require not only possessing conceptual knowledge about scientific
topics but also understanding how scientific knowledge is created. Therefore, to actively
participate in a technology- and science-based society, individuals need scientific reasoning
and argumentation skills (OECD, 2016). Scientific reasoning and argumentation are essential
for understanding scientific information presented in the media, for using scientific information
during decision-making, for evaluating and justifying scientific arguments, and for
participating in a democratic society (NASEM, 2016, 2021). The recent events of the COVID-
19 pandemic further illustrate the importance of scientific reasoning and argumentation when
evaluating scientific claims and evidence and when making decisions with personal and
societal consequences (NASEM, 2021). For example, individual decision-making regarding
vaccinating against COVID-19 or MMR (measles, mumps, and rubella) has individual but also
societal consequences. To address these challenges, fostering the development of scientific
reasoning became a fundamental aim of science education over the last decades (KMK, 2020,
National Research Council [NRC], 1996; OECD, 2013). To achieve that, science education has
moved towards instructional approaches which actively engage students in scientific reasoning

activities (Kober, 2015).

The importance of developing scientific reasoning and argumentation skills (also
referred to as scientific literacy or scientific competencies) has been continuously emphasized
over the last decades (e.g., NRC, 1996, 2013) and by the latest science education
recommendations (KMK, 2020). The newest recommendation from the National Academies
of Sciences, Engineering, and Medicine (NASEM, 2021) in the United States, has positioned
inquiry learning as the recommended instructional method to teach scientific reasoning and
conceptual knowledge in science. During inquiry learning, students “learn science by doing
science”, they actively construct knowledge by conducting experiments, testing hypotheses,
and engaging in discussions and argumentation (Next Generation Science Standards [NGSS],
2013). Thereby students can simultaneously gain conceptual knowledge and scientific
reasoning skills (Hmelo-Silver et al., 2007). Having students actively participate in science
aims to further increase their interest in science and inspire them to pursue future scientific
careers. Furthermore, science curricula aim to foster students’ abilities to conduct scientific

investigations and reason in a scientific context (NRC, 2013). Likewise, the latest

10
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recommendation for science education in Germany, for example in biology, has also positioned
scientific literacy as the main desirable outcome of secondary science education (KMK, 2020).
Students are expected to gain conceptual understanding next to procedural competencies about
different scientific methods. The educational standards in biology education comprise
formulating questions, deriving hypotheses, planning and conducting investigations,
evaluating findings, and drawing conclusions (KMK, 2020, p. 15). These competencies fall
under the umbrella of scientific reasoning (Fischer et al., 2014) and are often taught following

inquiry learning cycles (Pedaste et al., 2015).

Since educational policies have adopted inquiry learning as the preferred method of
teaching science (NASEM, 2021; NRC, 1996), there are important factors that need to be
considered when implementing such active learner-centered methods in science education.
Active learning methods can lead to deeper conceptual knowledge and understanding and
better learning outcomes by providing students with more freedom and control over their
learning, but to do so, they rely on students’ active participation and engagement (Freeman et
al., 2014). Several factors might influence how students use the freedom they are provided
with, how they approach scientific investigations, and which competencies they need to

effectively learn from inquiry.

First, students’ cognitive (e.g., conceptual knowledge) and motivational (e.g., interest,
self-efficacy, self-concept) characteristics are particularly relevant for engagement and active
learning (Huang, 2011; Simonsmeier et al., 2021). Students’ motivation can impact their
willingness and interest to engage with specific content like science (Renninger et al., 2018),
whereas having conceptual knowledge can positively affect active learning (Hattie &
Donoghue, 2016). Motivation can also influence students’ perceptions of their ability to
accomplish tasks associated with a specific domain (Renninger et al., 2018), for example
conducting experiments in science. Furthermore, students’ cognitive and motivational
prerequisites are related to each other, for example, interest is related to engagement,
knowledge gains, and self-concept (Tobias, 1994; Trautwein & Moller, 2016), suggesting that
their combined effects need to be considered. Nevertheless, only the individual influence of

these factors has been sparingly investigated in the context of inquiry learning.

Second, students’ engagement is related to their ability to self-regulate the learning
process, in terms of exhibiting the cognitive activation and behaviors associated with

engagement (Wolters & Taylor, 2012). Inquiry learning requires students to plan

11



INTRODUCTION

investigations, monitor their comprehension, and reflect on the learning process, which are
fundamental aspects of self-regulated learning (Schraw, 2010). For example, when performing
multiple experiments, students need to monitor and evaluate whether the evidence they have
collected is sufficient to answer the research question. Self-regulated learners can benefit more
from the freedom that learner-centered learning approaches can offer compared to students
who struggle with self-regulation (Azevedo et al., 2010; Greene et al., 2011). Because inquiry
learning aims to foster scientific reasoning and argumentation, it is critical to consider the
reasoning processes students engage in during inquiry. More importantly, because students
need to regulate the inquiry process, the interaction between scientific reasoning and self-
regulation processes requires further investigation and instructional support. Nevertheless, a
detailed investigation of the conjoint use of self-regulation and scientific reasoning processes

is yet missing.

Third, unguided inquiry learning methods (i.e., without providing instructional support)
are associated with increased cognitive and metacognitive demands from students. Therefore,
they have been continuously criticized because of the drawbacks of providing (too much)
freedom (Kirschner et al., 2006; Mayer, 2004; Zhang et al., 2021). While freedom is necessary
to achieve active learning, too much freedom might result in incorrect conceptual
understanding. Being behaviorally engaged (for example, in discussions or experimenting)
does not ensure cognitive engagement which is the kind of activity that leads to meaningful
learning experiences (Mayer, 2004). Accordingly, several meta-analyses have concluded that,
when appropriately guided, inquiry learning can be more effective than more traditional,
expository teaching methods (Alfieri et al., 2011; Hmelo-Silver et al., 2007; Lazonder &
Harmsen, 2016). The challenge of guided inquiry learning is finding the balance between the
amount and type of guidance to provide (Mayer, 2004).

Previous research on guidance during inquiry learning has mainly focused on
supporting students’ scientific reasoning processes by structuring the inquiry process using
prompts, scaffolds, heuristics (for a review, see Zacharia et al., 2015). However, fewer attempts
were made to provide support for students’ self-regulated learning (see, Manlove et al., 2009a,
b). Moreover, if both self-regulated learning and scientific reasoning interplay, then the
guidance provided should also foster their integration. Accordingly, in this dissertation I
investigated the effectiveness of two types of guidance that aim to foster the self-regulation of

scientific reasoning processes in an integrated manner.
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INTRODUCTION

To summarize, in this dissertation, I aim to advance our conceptual understanding of 1)
the combined influence of students’ individual prerequisites on experimentation and
conceptual understanding, 2) the conjoint use of self-regulation and scientific reasoning
processes in relation to argumentation, and 3) the effectiveness of guidance aimed at fostering
the integration of self-regulation and scientific reasoning during inquiry learning. Three studies
were conducted to address these three conceptual aims. Furthermore, an additional
methodological contribution of this dissertation is going beyond focusing on learning outcomes
and instead, providing an in-depth analysis of the conjoint, temporal use of students’ learning

processes using novel methods that model their interaction.
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I1. Scientific Reasoning and Argumentation

Scientific reasoning and argumentation skills are necessary for dealing with scientific
information and understanding societal and scientific debates, for example, in the context of
vaccines and climate change (NRC, 2013). Consequently, teaching scientific reasoning and
argumentation skills have become fundamental aims of science education (OECD, 2013). In
science education, students engage in tasks that require scientific reasoning to construct and
evaluate scientific arguments (Osborne, 2010). The relationship between scientific reasoning
and argumentation has different theoretical conceptualizations. Some theoretical frameworks
have focused solely on scientific reasoning (e.g., Klahr & Dunbar, 1988), whereas others have
focused only on scientific argumentation (Kuhn, 2010; Osborne, 2013). On the one hand, a
more recent theoretical framework conceptualized scientific reasoning and argumentation
together as a set of processes (Fischer et al., 2014). On the other hand, argumentation is directly
related to scientific reasoning (Kuhn, 1993; Schwarz, 2009) and can be conceptualized as the
outcome, or the product, of scientific reasoning tasks (Engelmann et al., 2016). For instance,
when students are asked to write scientific explanations after conducting an inquiry task (e.g.,
performing investigations to learn about the principles of photosynthesis), the quality of the
argumentation in their written answers can be seen as a sensitive indicator of the reasoning
process. This dissertation adopts the latter conceptualization of argumentation as the product
of scientific reasoning processes during inquiry tasks. In the following, scientific reasoning and
argumentation are introduced separately and inquiry learning is introduced as a method to teach

scientific reasoning and argumentation.

1. Scientific Reasoning

Scientific reasoning is defined as the skills and abilities to use and understand scientific
methods and concepts and to evaluate and generate scientific knowledge (Engelmann et al.,
2016; Fischer et al., 2014). Three broad groups of constructs have been identified in the context
of scientific reasoning and argumentation — discovery process skills, argumentation skills, and
understanding the nature of science (Engelmann et al., 2016). The commonality between these
frameworks is the definition of scientific reasoning as an intentional problem-solving process
that aims to coordinate evidence and theory (Klahr & Dunbar, 1988; Kuhn, 2010; C.

Zimmerman, 2007).
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Fischer et al. (2014) conceptualized scientific reasoning and argumentation as a set of
cross-domain skills comprising eight epistemic activities (for a visual representation see Figure
1). The epistemic activities comprise different processes of scientific reasoning and
argumentation — problem identification, questioning, hypothesis generation, construction and
redesign of artefacts, evidence generation, evidence evaluation, drawing conclusions, and
communicating and scrutinizing (Fischer et al., 2014; Hetmanek et al., 2018). Scientific
reasoning is an iterative, non-linear process that typically starts with identifying a problem and
building a problem representation (e.g., how do plants produce oxygen during photosynthesis?)
and then distinguishing specific research questions (e.g., how does light intensity influence
oxygen production?). Next, potential answers are derived in the form of testable hypotheses
(e.g., if light intensity increases, oxygen production also increases). To test the hypotheses,
evidence is generated following a deductive approach using theory-driven experiments, or an
inductive approach using observations to make inferences (i.e., incrementally increasing light

intensity in consecutive experiments).

Figure 1

A Visual Depiction of the Eight Epistemic Activities Identified by Fischer et al. (2014)

Problem
( Identification W
Communicate & .
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Drawing Hypothesis
Conclusions Generation
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Evaluation artefacts
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An important cognitive strategy for evidence generation is the control-of-variables

strategy, which requires only manipulating the variable in question while keeping the
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remaining variables constant in an experimental trial (CVS; Chen & Klahr, 1999). Students’
knowledge and use of the CVS is seen as a sensitive indicator of their ability to plan and
conduct unconfounded experiments and establish causal relations between different variables.
Scientific reasoning can also include designing and testing artefacts based on theoretical
knowledge, for instance by creating a prototype in engineering (Fischer et al., 2014). After the
evidence is generated, it is evaluated regarding the support it provides for the original claim
(e.g., does the evidence support the hypothesis that increasing light intensity leads to increased
oxygen production?). Last, conclusions are drawn by integrating different pieces of evidence
and the findings are communicated and scrutinized by others during discussions. An integral
process during communicating and scrutinizing is scientific argumentation. In the context of
conducting experiments during inquiry learning, the most relevant epistemic activities are
problem identification, hypothesis generation, evidence generation, evidence evaluation, and

drawing conclusions. Therefore, this dissertation focused on these five epistemic activities.

In this context, cross-domain refers to the applicability of these skills in different
domains and skills imply procedural knowledge about the process of scientific discovery
(Hetmanek et al., 2018). Proposing a framework of epistemic activities provides a common
vocabulary for discussing scientific reasoning and argumentation processes across domains and
for facilitating the design of curricular interventions to foster their development (Hetmanek et
al., 2018). Since this dissertation focuses on scientific reasoning processes, this framework
(Fischer et al., 2014) was the basis for their fine-grained investigation and for the design of an
instruction to support them. While the theoretical framework identified the different epistemic
activities, no specific recommendations were made regarding the effectiveness of their
sequential use (Csanadi et al., 2018). Consequently, no specific sequences of the epistemic
activities are provided in the initial visual representation in Figure 1. To address this research
gap, one aim of this dissertation is to investigate how different epistemic activities are used
conjointly in relation to students’ written argumentation. Namely, I investigated how the
combined use of scientific reasoning processes relates to argumentation quality. For example,
how does generating evidence and immediately evaluating it relates to argumentation quality

at the end of the learning task?

2. Argumentation

Argumentation and critique are fundamental to the scientific method and have the purpose of
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presenting and justifying an argument to establish truth (Osborne, 2010). An argument
typically consists of a claim, data, warrants, rebuttals, and qualifiers (Toulmin, 1958).
Argumentation is tightly related to scientific reasoning and can have two general roles in
science education. One line of research looks at argumentation as a dialogue (arguing to learn,
Osborne, 2010) in classroom science, during which students can practice argumentation by
engaging in argumentative collaborative discourse. During discourse, students can develop
new understanding by presenting and justifying claims and by being challenged by their peers
(Osborne, 2010). By engaging in a discussion with others, new ideas can be tested using
rebuttals and counterarguments. Because a discussion requires collaboration with others,

practicing argumentation as dialogue is more suitable for collaborative learning tasks.

Another line of research investigates students’ written argumentation when providing
scientific explanations in individual learning settings (Kuhn, 1993; Schwarz, 2009). For
example, students engage in argumentation when drawing conclusions and answering a
research question at the end of an inquiry learning task or when writing evidence-based
explanations in science. As such, argumentation can be defined as the consequence, or the
product, of scientific reasoning (Engelmann et al., 2016), and its quality can be used to assess
students’ scientific reasoning. One suitable model for evaluating argumentation quality in
scientific explanations is the claim-evidence-reasoning (CER) framework proposed by
McNeill et al. (2006). The CER framework breaks argumentation down into a claim (the
conclusion answering the research question), evidence (the data provided to support the claim),
and reasoning (the justification why the evidence is suitable to support the claim). The CER
instructional framework was used as an intervention to support students in integrating theory
and evidence into their written arguments and with evaluating principles against evidence.
Therefore, next to conceptual knowledge, students can also learn epistemic knowledge, which
broadly refers to how knowledge is created in science and what constitutes scientific evidence
(Osborne, 2018). Because this dissertation focuses on scientific reasoning in individual
learning tasks, this latter conceptualization of argumentation was adopted and the CER

framework was used to evaluate students’ argumentation quality.

3. Teaching Scientific Reasoning through Inquiry

Scientific reasoning and argumentation are complex skills and individuals of all ages often

struggle with different aspects of them (de Jong & van Joolingen, 1998; Osborne, 2010).
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Despite understanding how hypothetical beliefs differ from empirical evidence, children and
adults have issues with articulating and evaluating evidence-based arguments (Fischer et al.,
2014; Koslowski, 2012). Common difficulties with scientific reasoning include designing
testable hypotheses and meaningful experiments (de Jong & van Joolingen, 1998) and relating
theory and evidence (Smith & Wenk, 2006). Likewise, issues with argumentation involve not
providing evidence for claims and justifications (Bell & Linn, 2000; Kuhn, 1991; McNeill,
2011). While engaging in scientific reasoning and argumentation is associated with difficulties,
they can be improved with appropriate instruction and practice (Engelmann et al., 2016;
Osborne et al., 2004). Scientific reasoning can be taught using different instructional methods,
for example, using direct instruction or inquiry learning. What type of instruction is the most
effective has been a topic of debate in research (Hmelo-Silver et al., 2007; Kirschner et al.,
2006; Zhang et al., 2021) whereas educational policies encourage adopting more inquiry-based
learning methods in science education (NRC, 2013). As a consequence, modern science
education has shifted from using expository instructional methods to more active and learner-
centered instructional methods like inquiry learning because they engage students in the

epistemic activities associated with scientific reasoning (de Jong, 2019; Freeman et al., 2014).

Inquiry learning is an active learner-centered instructional method during which
students learn science by performing experiments, making discoveries, and ‘“acting like
scientists” (Abd-El-Khalick et al., 2004; NRC, 2000). Thereby, students can simultaneously
learn scientific reasoning skills and conceptual knowledge by conducting their own
investigations (Furtak et al., 2012; Hmelo-Silver et al., 2007). Instead of passively learning
about scientific facts, students are actively engaged in the scientific process, typically in five
phases — orientation, conceptualization, investigation, conclusion, and discussion (Pedaste et
al., 2015). Students generate hypotheses, plan and conduct experiments, collect and evaluate
evidence, and draw conclusions (Lazonder & Harmsen, 2016; Pedaste et al., 2015). While
experimentation has been traditionally implemented using hands-on experiments in physical
science laboratories, virtual experimentation in online simulations is replacing or

supplementing hands-on experimentation (Becker et al., 2020).

Learner-centered pedagogies like inquiry rely on students’ active engagement and
participation (Freeman et al., 2014). Students’ individual prerequisites can influence their
engagement and they are prominent factors for the effectiveness of these pedagogies (Chi &
Wylie, 2014). Students’ cognitive prerequisites, for example, the conceptual knowledge they

possess at the beginning of a task, can influence the effectiveness of inquiry learning (Hattie &
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Donoghue, 2016; van Riesen et al., 2018). Furthermore, students’ motivational prerequisites,
in terms of their interest and academic self-concept, can influence effort and achievement (Hidi,
1990; Huang, 2011). Although the importance of these factors has been established for learning
in general (e.g., Marsh & Martin, 2011), their influence in the context of inquiry learning has
received less attention in previous research. Moreover, students’ cognitive and motivational
prerequisites influence each other. For instance, interest is related to engagement, knowledge
gains, and self-concept (Tobias, 1994; Trautwein & Moller, 2016), suggesting that their
combined effects need to be considered (Kosel et al., 2021). Nevertheless, only the individual
influence of these factors has been studied, and only sparingly, in inquiry learning research.
Instead of focusing on the isolated influence of individual variables, person-oriented
approaches have consistently demonstrated the importance of looking at the combined
influence of students’ individual prerequisites (Kosel et al., 2021; Seidel, 2006). The combined
effects of students’ cognitive and motivational prerequisites have not been investigated in the

context of inquiry learning so far.

Modern inquiry learning is often embedded in computer-based learning environments
like simulations using which students can perform virtual experiments (van Joolingen et al.,
2007). Simulations are offered for different topics in the natural sciences (e.g., electric circuits
in physics or photosynthesis in biology). Learning in such online environments has the benefit
of providing a safe and controlled environment and allows for observing and investigating
scientific phenomena which would otherwise be impossible (e.g., evolution). Using
simulations, students can also explore simplified models and manipulate several variables and
immediately see their effect (see Figure 2). For example, using a simulation as in Figure 2,
students can investigate how different levels of light intensity affect oxygen flow during
photosynthesis. Students can perform multiple experiments by incrementally increasing light
intensity and note down the values of each experiment in a graph, table, or bar chart. In this
way, computer-supported inquiry learning allows to study scientific reasoning processes in
detail (e.g., evidence generation, evidence evaluation). In particular, further insight into the
reasoning processes can be derived from analyzing logfile data of students’ inquiry behavior
or think aloud protocols (de Jong, 2006), for example, by modeling the sequences in which

they manipulate variables.
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Figure 2

A Simulation about Photosynthesis Created by Explore Learning
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Students’ active participation and engagement in the knowledge construction process
during inquiry learning can pose cognitive and metacognitive challenges (Azevedo, 2005;
Scheiter & Gerjets, 2007). On one hand, difficulties can arise from students’ lack of scientific
reasoning skills, knowledge of inquiry processes, and a lack of conceptual knowledge. On the
other hand, additional challenges can arise from a lack of metacognitive skills to regulate the
learning process (de Jong & Njoo, 1992; Greene et al., 2008). Because of these challenges,
some have argued that direct instruction should instead replace inquiry learning (Kirschner et
al., 2006; Mayer, 2004; Zhang et al., 2021). At the same time, meta-analytic evidence
consistently shows that inquiry learning can be more effective than expository teaching
methods like direct instruction when appropriately guided using feedback, worked examples,
or scaffolds (for meta-analyses, see Alfieri et al., 2011; Furtak et al., 2012; Lazonder &
Harmsen, 2016). Therefore, research on inquiry learning has mainly focused on developing
effective tools to guide the inquiry process (for a review, see Zacharia et al., 2015). Guidance
can be provided in the form of heuristics, process constraints, direct presentation of
information, scaffolds, or prompts (de Jong & Lazonder, 2014; Zacharia et al., 2015), which

can be integrated into the online learning environments (van Joolingen et al., 2007).
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Since both direct instruction and (guided) inquiry learning have their strengths, instead
of comparing the two methods in a horse-race approach, in this dissertation, I investigate how
both pedagogies can be best combined to support students’ scientific reasoning and
argumentation. Furthermore, because of the importance of self-regulation for active learning,
alongside supporting students’ inquiry processes, reasoning, and conceptual knowledge, it is
important to also support their self-regulation (Zhang et al., 2004). Well-designed computer-
supported inquiry learning environments should facilitate self-regulation and provide the
necessary guidance for active learning (Shapiro, 2008; Zacharia et al., 2015). Moreover,
because students need to self-regulate the inquiry process (e.g., monitor the suitability of
evidence to test a hypothesis), integration of self-regulation and scientific reasoning is
necessary. Nevertheless, studies on guidance during inquiry learning have mainly focused on
either supporting the inquiry process (for a review, see Zacharia et al., 2015) or self-regulation
(Manlove et al., 2007). First, this dissertation provides an in-depth investigation of the conjoint
use of self-regulation and scientific reasoning processes in relation to learning outcomes during
inquiry learning. Second, instruction that scaffolds the regulation of scientific reasoning

activities is developed and tested on the learning outcome and process level.
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III. Self-Regulated Learning

1. Definition of Self-Regulated Learning

Self-regulated learning is defined as the monitoring and regulation of cognitive, affective,
metacognitive, and motivational processes before, during, and after learning (Azevedo et al.,
2017; Schraw, 2010; B. J. Zimmerman, 2000). Several models of self-regulated learning have
been proposed (e.g., Boekaerts, 1999; Pintrich, 2000; Winne & Hadwin, 1998; B. J.
Zimmerman, 2013), which share the assumption that self-regulated learning is a dynamic,
cyclical process consisting of three phases — preparatory, performance, and appraisal
(Puustinen & Pulkkinen, 2001). Each phase comprises multiple processes, which can vary
between different models; however, metacognitive events are an important aspect in almost all
models (Engelmann & Bannert, 2021; Panadero, 2017). For instance, metacognition is a central
aspect of self-regulated learning in the models by B. J. Zimmerman (2000) and Winne and
colleagues (Winne & Hadwin, 1998; Winne & Perry, 2000).

Metacognition has two components — knowledge of cognition and regulation of
cognition (Schraw & Moshman, 1995). Knowledge of cognition refers to understanding how
one learns and involves declarative, procedural, and conditional knowledge about learning
strategies and when to apply them (Schraw et al., 2006). Cognitive regulation' consists of four
phases — planning, monitoring, control, and reflection (Pintrich, 2000). During the preparatory
phase, students set goals for the learning task, and they plan their time and learning strategies
(White & Frederiksen, 1998; Winne, 2001). Students’ goals form the basis for planning and
monitoring their learning progress. Monitoring is defined as students’ awareness of their
performance and understanding (Schunk, 2005). During the performance phase, students
monitor their understanding and goal progression and adopt different cognitive strategies (i.e.,
control), if necessary (Nelson & Narens, 1990; Winne, 2001). Even though planning often
occurs at the beginning of a learning task, students can adapt and reconsider their plans during
the task based on the result of their monitoring activities (Hagemans et al., 2013). For example,

if monitoring results in a lack of text comprehension, a strategy would be to reread or

! Pintrich (2000) defines regulation as the overarching term, whereas Nelson & Narens (1990) define monitoring
and regulation as two distinct metacognitive processes.
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summarize the text. The appraisal phase is concerned with evaluation and reflection on the

learning process and the initial goals (B. J. Zimmerman, 2000).

Self-regulated learning is associated with greater academic achievement and learning
gains (Azevedo et al., 2004; Land & Greene, 2000; Schunk & Greene, 2017). Self-regulated
learning is particularly important in active learner-centered pedagogies like inquiry learning,
which rely on students’ active engagement and participation (Greene, 2018; Greene, Anderson,
et al., 2018; Sinatra & Taasoobshirazi, 2018). Nevertheless, students often struggle with self-
regulation (Schunk & Zimmerman, 2006), especially in difficult and unfamiliar tasks which
impose high cognitive load (Seufert, 2018). For example, challenges are particularly likely to
arise during learning in computer-mediated learning environments like simulations or
hypermedia (Azevedo et al., 2010; Bannert, 2009; Bannert et al., 2015; Zheng, 2016). While
self-regulation is associated with better learning outcomes in general (Schunk & Greene, 2017,
Schunk & Zimmerman, 2006), successful learning in computer-based and learner-centered
environments can largely depend on students’ spontaneous or scaffolded self-regulation
processes (Azevedo & Hadwin, 2005; Azevedo & Witherspoon, 2009; Bannert & Reimann,
2012; Dent & Koenka, 2016).

2. Self-Regulation during Inquiry Learning

To successfully learn from inquiry, students need to not only learn conceptual information but
also to meaningfully navigate through the learning environment and follow scientific reasoning
principles (van Joolingen & Zacharia, 2009). During inquiry learning students engage in
complex scientific reasoning processes comprising multiple epistemic activities (van Joolingen
& Zacharia, 2009) which require self-regulation (Manlove et al., 2009a). For example, students
need to set goals and plan their investigations (White & Frederiksen, 1998), they also need to
monitor whether they have collected sufficient evidence to draw conclusions, or whether the
experiments they are conducting can test their hypotheses. Although monitoring and regulation
are challenging during scientific reasoning tasks in general, self-regulation may become even
more difficult during computer-based inquiry learning because of the learning environments’

affordances.

Modern inquiry learning is often embedded in computer-supported learning
environments like simulations using which students can perform virtual experiments (see

Figure 2). Computer-based inquiry learning provides many affordances for learning complex
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topics in science and mathematics (Azevedo et al., 2017). For example, they provide students
with multiple representations of information, allowing for a high level of control over their
learning processes (Greene et al., 2011). While computer-supported learning environments
provide several benefits for learning, such as performing multiple investigations in a short time
and investigating various scientific phenomena (e.g., evolution, photosynthesis), they can also

present additional challenges.

The benefits of conducting multiple experiments in a short time can be overridden when
students engage in unsystematic experimental behavior. Namely, students might be tempted to
try out several combinations of variables without a particular goal in mind (“gaming the
system”, Baker et al., 2008) and attempt to come to the correct solution, without following
scientific reasoning principles (controlling variables and systematically collecting evidence).
Because the costs of conducting a virtual experiment, in comparison to conducting a hands-on
experiment, are lower, students might be tempted to simply act instead of think. In contrast,
performing a hands-on experiment requires setting up the experimental environment which
inherently requires some advance planning. Therefore, learning in computer-based inquiry
environments can be associated with increased cognitive and metacognitive demands (de Jong,
2006). Self-regulatory processes like planning, monitoring, and employing different learning
strategies are necessary to make use of these environments’ affordances (Azevedo et al., 2010;

Scheiter & Gerjets, 2007).

Since students’ lack of self-regulatory skills poses difficulties during computer-
supported inquiry learning (de Jong & Njoo, 1992; Greene et al., 2008), the learning
environments should incorporate means to additionally support self-regulation (Shapiro, 2008;
Zacharia et al., 2015). Consequently, considering self-regulation (and metacognition in
particular) during inquiry learning has been emphasized in previous research (e.g., Andersen
& Garcia-Mila, 2017; Kuhn, 2021; Manlove et al., 2007; Pedaste et al., 2012; White &
Frederiksen, 1998; White et al., 2009). Providing students with metacognitive support, which
facilitates self-regulation, can have a medium positive effect on students’ performance,
learning, and transfer (Azevedo et al., 2016; Bannert et al., 2015; Zheng, 2016). In particular,
metacognitive expertise was shown to influence knowledge gains from inquiry learning (Chin

& Brown, 2000; Kuhn et al., 2000; White & Frederiksen, 1998).

Accordingly, previous research has considered the influence of metacognition during

inquiry either only theoretically (e.g., Andersen & Garcia-Mila, 2017), or has correlated self-
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regulation skills with the improvement of inquiry skills (e.g., Pedaste et al., 2012), or has
directly supported self-regulation during inquiry (e.g., Manlove et al., 2007; White &
Frederiksen, 1998, 2005). In fact, most research on self-regulation during inquiry learning has
investigated the effectiveness of different self-regulation scaffolds, such as using a process
coordinator (e.g., Manlove et al., 2007, 2009a, b) or concept maps (Hagemans et al., 2013).
While these studies emphasize the importance of considering and supporting self-regulation
(or metacognition) during scientific reasoning and inquiry learning, they also leave open
several questions regarding the mechanisms through which self-regulation processes impact
reasoning processes during inquiry learning. First, even though the effectiveness of self-
regulation support during inquiry learning is investigated, students’ self-regulation processes
are often not considered and analyzed. Second, an analysis of how the scaffolds affect students’
regulation of the inquiry process is also missing. Instead, findings from these studies are based
on the isolated frequencies of self-regulatory processes which were correlated with measures
of learning outcomes. However, to truly understand how self-regulation processes impact
scientific reasoning processes and design scaffolds to support them, it is necessary to consider

their interactions.

Previous research has demonstrated that integrating self-regulation scaffolds like a
planning framework for the inquiry process (Njoo & de Jong, 1993; White et al., 1999) or
prompts that support regulation (Veenman et al., 1994; Zhang et al., 2004) resulted in improved
performance for students who received the scaffolds. Moreover, Manlove et al. (2006, 2007,
2009a, b) investigated the effects of regulative support scaffolds during individual and
collaborative inquiry learning. In most studies (Manlove et al., 2006, 2007, 2009a) using
regulation scaffolds was associated with higher learning gains but students did not make full
use of the regulation scaffolds provided. In particular, students used the scaffolds for planning
and goal setting, but not for monitoring. Likewise, three studies reported in Manlove et al.
(2009b) found low instances of monitoring and that the use of the scaffolds was positively
associated with lab scores but negatively associated with the quality of students’ models. There
are several potential explanations for the mixed findings reported above. On the one hand,
Manlove et al. (2009b) suggest that the design of the scaffolds, requiring students to use an
additional tool to engage in monitoring might impede students’ tool use. They suggested that
support measures which are integrated within the task might be more beneficial for monitoring

activities. Nevertheless, to understand whether scaffolds integrating self-regulation and
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scientific reasoning are more effective, it is necessary to analyze their interaction during inquiry

learning.

Conceptualizing self-regulation as a sequence of events (Bannert et al., 2014; Bernacki,
2018; Greene & Azevedo, 2010) and scientific reasoning as a set of processes (i.e., epistemic
activities; Fischer et al., 2014), requires analyzing their temporal structures and interaction on
a process level. Previous research has emphasized the importance of self-regulation for
scientific reasoning and inquiry learning (Kuhn, 2021; Manlove et al., 2009b; White et al.,
2009); nevertheless, an in-depth temporal investigation of how these processes co-occur during
inquiry learning is yet missing. Methods that consider preceding and following events and can
find patterns of events are needed (Winne, 2010). To comprehensively study how these
constructs are related and design scaffolds to support them, it is fundamental to consider their
co-occurrences and sequential relationships. In this dissertation, I address the existing research
gap by analyzing the co-occurrences and sequential relationships between scientific reasoning
and self-regulation processes and their impact on argumentation quality using two novel and

advanced modeling methods.
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IV. Temporal Modeling of Learning Processes

Process analyses, which model the temporal interactions between constructs, can provide a
unique perspective and shed more light on the mechanisms through which self-regulation
interacts with scientific reasoning and impacts argumentation quality. Implementing inquiry in
computer-supported learning environments provides an opportunity to study both scientific
reasoning and self-regulation processes by tracing students’ actions using logfiles, think aloud
protocols, and video recordings. These data sources incorporate temporal information about
the timing and the duration of learning activities. Students’ epistemic activities can be inferred
from screen recordings (e.g., manipulating variables for investigations, use of the control-of-
variables strategy), logfiles (information about clicks inside a simulation) or think aloud
protocols (e.g., hypothesis generation, evidence evaluation). Likewise, self-regulation
processes can be coded from logfiles or think aloud protocols which contain additional
information about students’ cognition and metacognition (Greene et al., 2018, 2021).
Therefore, computer-supported (inquiry) learning environments can provide extensive, rich
data about students’ self-regulation and scientific reasoning processes (Azevedo et al., 2017,
Winne, 2010). Moreover, because they contain information about the timing and sequence of
different processes, they provide unique opportunities to study how scientific reasoning and
self-regulation processes co-occur during learning. Regardless of their potential for advancing
theoretical models, certain theoretical and methodological difficulties need to be considered —
for example, different data sources need to be temporally aligned, novel and advanced methods
are needed to analyze them, and accurate inferences about students’ cognition and
metacognition need to be made (Azevedo et al., 2017). In the next sections, I discuss the
advantages of considering temporality in learning and suggest two process analyses that can

help advance the field and tackle the challenges outlined by Azevedo et al. (2017).

Despite the rich affordances that process data can provide, their analyses are often
limited to focusing on their frequencies, also known as a “coding-and-counting strategy” (Rack
et al., 2018). During coding-and-counting, learning processes are coded, and their aggregated
frequencies are used for group comparisons or as predictors of learning outcomes. While the
aggregated frequencies of processes can provide information about their distribution, there are
two main drawbacks associated with this approach (Csanadi et al., 2018; Reimann, 2009). First,
when using aggregated data, it is not possible to account for the temporal development of

activities (Reimann, 2009). Second, when data are aggregated, contextual information about
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preceding and following events of an activity and the specific patterns they exhibit over time
is omitted and only their isolated occurrence can be quantified and compared (Reimann, 2009;
Winne, 2010). In the context of investigating the self-regulation of scientific reasoning
processes, one could either only compare the isolated frequencies of monitoring and evidence
generation, for example, or one could also consider the events that triggered monitoring (or
evidence generation) and the actions the learner performed after and therefore, examine

patterns of events.

Consequently, a range of advanced statistical methods is being used in educational
research (e.g., learning analytics, educational data mining). Recent research has shown the
potential of process analyses to study self-regulated learning and recommends investigating the
co-occurrences and temporal patterns of learning processes (Engelmann & Bannert, 2021; Lim
et al., 2021). For instance, higher frequencies of metacognitive events are a necessary but not
a sufficient precondition for initiating self-regulation (Azevedo & Hadwin, 2005; Bannert &
Reimann, 2012; Bannert et al., 2015; Engelmann & Bannert, 2021). Using process data from
learning activities, the temporal and adaptive features of self-regulated learning can be modeled
during inquiry learning (Bernacki, 2018; Zhou & Winne, 2012). As a result, we can trace and
model the temporal development of learning processes and shift the research focus from the
traditional variable-based approach to an event-based approach (Molenaar, 2014; Reimann,
2009). While process analyses were mainly conducted in the field of self-regulated learning
(e.g., Lim et al., 2021), defining scientific reasoning as a set of interrelated epistemic processes
also affords a process-oriented investigation. In the following, two prominent methods for
analyzing the co-occurrences and sequential relationships between scientific reasoning and
self-regulation process are introduced — epistemic network analysis (ENA; Shaffer, 2017) and

process mining (van der Aalst, 2016).

1. Epistemic Network Analysis

Epistemic network analysis (ENA) is a novel method that analyzes the connections among
different elements by quantifying their co-occurrences and thereby accounts for their temporal
relationships (Shaffer, 2017). The co-occurrence between two elements indicates that they are
connected to each other in the same recent temporal context (Shaffer, 2018). ENA is based on
the assumption that “the structure of connections among cognitive elements is more important

than the mere presence or absence of these elements in isolation” (Shaffer et al., 2016, p. 10).
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To analyze the structures of connections between different elements, ENA creates dynamic
network models which quantify and visualize their co-occurrence (Shaffer et al., 2016). The
network models illustrate the structure and the strength among elements making ENA suitable
for answering a range of questions regarding patterns of associations between different
elements (Shaffer et al., 2016). ENA quantifies the strength of association between different
elements (i.e., individual codes) by modeling their frequency of co-occurrence (Shaffer, 2018).
Different patterns which are observed at the same predefined timeframe can be identified,
indicating that these processes are related to each other (Csanadi et al., 2018). Moreover, using
ENA the strength of these co-occurrences can be compared in different groups. Thus, the
temporal relationships between self-regulation and scientific reasoning can be compared in
relation to argumentation quality or in different experimental conditions. These affordances
make ENA particularly suitable for modeling how self-regulation and scientific reasoning
processes interact during inquiry learning. While scientific reasoning and self-regulation have
been scarcely and separately investigated using ENA, an analysis of their co-occurrences on a

process level is missing.

In educational research, ENA has been previously applied in the context of diagnostic
assessment in medical and teacher education (Bauer et al., 2020) or engineering education
(Arastoopour et al., 2016). ENA was also used to compare individual and collaborative
problem-solving with respect to epistemic activities (Csanadi et al., 2018). Csanadi et al. (2018)
demonstrated the advantages of using ENA to uncover temporal relationships between
epistemic activities in comparison to the traditional method of comparing the frequencies of
codes. For example, their findings showed that dyads, compared to individuals, were more
focused on evidence during their discussion, indicated by connections between evidence
evaluation and all other epistemic activities. ENA has not been applied in the context of self-
regulated learning, apart from a study by Wu et al. (2020) who compared patterns of
metacognitive phenomena between high- and low-scoring students and between students from
different disciplines (science or humanities). Their findings showed that high-scoring students
had stronger connections between goals and actions, whereas low-scoring students focused on
metacognitive knowledge and context. These results were obtained from self-reflection reports
which are more subjective and may not fully capture metacognition (Wu et al., 2020).
Therefore, the authors suggest combining different data sources of metacognition (video data,
think aloud protocols, self-reports) for a more comprehensive analysis of students’

metacognitive processes.
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ENA is a particularly suitable method for relating different sources of process data. For
example, combining think aloud data with other video or screen recordings can support making
better inferences about students’ cognitive and metacognitive processes (cf. Azevedo et al.,
2017). To further support the inferences from these analyses, the specific connections identified
by ENA can be easily validated by going back to the original data and therefore “closing the
interpretative loop” (Shaffer, 2017). In this way, quantitative relationships can be supported
qualitatively, and the reliability of the identified networks can be assessed. Therefore, ENA is
one novel and advanced analytical approach that can help address the challenges outlined by

Azevedo et al. (2017).

2. Process Mining

Process mining is an educational data mining method that uses logfiles to create process models
describing the underlying relationships between different events (van der Aalst, 2016). These
process models can provide more insight into how learning processes unfold by considering
the temporal aspect of learning and focusing on the patterns of cognitive and metacognitive
processes (Engelmann & Bannert, 2021). To achieve that, the timing of learning events is used
to extract sequences and visualize the preceding and following events in the form of process
models. Next to visualizing the relationships between different events, process mining also
quantifies their relationships using metrics like frequency, dependency, or timing (Saint et al.,
2021). Different process mining algorithms (e.g., heuristics miner, fuzzy miner) can be used to
identify the relationships between processes based on their sequences and associations.
Processes can be obtained from digital traces (logfiles, trace data) or coded data like video
recordings or think aloud protocols. Importantly, timestamps of the processes are necessary to
derive the sequences between different processes. Then, the transitions between the processes
are used to create process models which quantify and visualize the relationships between them

(Saint et al., 2021).

Process mining’s affordances for modeling the temporal relationships between learning
processes resulted in its increased use in current self-regulated learning research (Engelmann
& Bannert, 2021; Lim et al., 2021; Sonnenberg & Bannert, 2019). The conceptualization of
self-regulated learning as a cyclical, temporal process requires methods that can account for
temporality and extend beyond frequency measures (Molenaar, 2014; Reimann, 2009). For

example, process mining was used to model the temporal structure of self-regulated learning
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processes obtained from coded from think aloud protocols (Bannert et al., 2014; Lim et al.,
2021; Sonnenberg & Bannert, 2015, 2019). Engelmann & Bannert (2021) demonstrated that
considering only the frequencies of metacognitive and cognitive events is less meaningful than
a sequential analysis on the process level. While process mining is being more consistently
used in self-regulation research, it has not yet been applied in the context of scientific reasoning

or the regulation of scientific reasoning processes.

Process mining can be used to align different data channels, for instance, video
recordings and think aloud protocols when these channels have the same time frames (e.g.,
hh:mm:ss). Moreover, combining data sources of students’ cognitive and metacognitive
processes (e.g., obtained from think aloud protocols) with behavioral sources of their problem
solving (e.g., obtained from video recordings) allows for more accurate inferences of these
processes, compared with relying on a single data source (cf. Azevedo et al., 2017). Therefore,
process mining is particularly suitable for providing unique insights into the sequential

relationships between self-regulation and scientific reasoning processes.

To conclude, ENA and process mining each provide a unique insight into the co-
occurrences and sequential relationships between scientific reasoning and self-regulation
processes. ENA is particularly suitable for visualizing and comparing the strength of the co-
occurrence between scientific reasoning and self-regulation processes in different groups of
students. For example, using ENA it would be possible to identify whether planning and
evidence generation co-occurred more frequently in students with higher argumentation
quality. However, ENA does not provide information about the sequence of the two processes,
namely whether planning was performed before or after evidence generation. The specific
sequence can, however, be identified using process mining, indicating that the two methods
can complement each other. Nevertheless, the two methods have been only used separately in
prior research. To address this research gap, in this dissertation, I first used ENA alone and
later combined it with process mining for an in-depth analysis of the relationships between

scientific reasoning and self-regulation processes.
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V. Objectives and Expected Outcomes

This dissertation has three overarching conceptual aims. The first aim is to investigate the
combined influence of students’ cognitive and motivational characteristics on students’ inquiry
behavior and conceptual understanding. Study 1 (reported in section VI) related students’
cognitive and motivational characteristics to their experimentation skills, conceptual
understanding, and argumentation during inquiry learning. The second aim is to provide an in-
depth investigation of the interplay between self-regulation and scientific reasoning on a
process level in relation to argumentation quality (Study 2, reported in section VII). The third
aim of this dissertation (Study 3, reported in section VIII) is to design an intervention based on
the findings from Study 2 that scaffolds scientific reasoning and self-regulation in an integrated
manner and to test its effectiveness on the process level (i.e., how students engaged in these
processes after instruction) and the learning outcome level (i.e., students’ hypothesis and

argumentation quality).

An additional methodological contribution of this dissertation relates to addressing the
three conceptual aims using a range of novel and advanced methods. Each of the three studies
reported in this dissertation employed a novel methodological approach to provide a fine-
grained analysis of students’ learning processes. First, in contrast to the classic variable-
oriented perspective often used in educational research, a person-oriented approach was
applied to understand the combined influence of cognitive and motivational variables on
students’ experimentation skills and conceptual understanding. Second, epistemic network
analysis was used to model the temporal co-occurrence of self-regulation and scientific
reasoning processes in relation to argumentation quality. Third, epistemic network analysis was
combined with process mining to comprehensively investigate specific sequences and co-
occurrences between scientific reasoning and self-regulation processes. Process data were used
in all three studies to gain an in-depth understanding of students’ scientific reasoning and self-
regulation in relation to learning outcomes during inquiry learning. Therefore, each study goes
beyond looking only at learning outcomes and instead focuses on providing an in-depth
process-oriented perspective on the interplay between scientific reasoning, self-regulation, and

argumentation. The following overarching research questions guided this dissertation:

RQ1) How do students’ cognitive and motivational characteristics influence

experimentation skills and conceptual understanding during inquiry learning (Study 1)?
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RQ2) What is the role of self-regulation processes for scientific reasoning and

argumentation during inquiry learning (Study 2)?

RQ3) How can self-regulation and scientific reasoning during inquiry learning be

scaffolded (Study 3)?
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VI. Study 1: How do Students’ Cognitive and Motivational Characteristics
Relate to Experimentation Skills and Conceptual Understanding during

Scientific Inquiry?

1. Abstract

This study used a person-centered approach to investigate how cognitive and motivational
characteristics relate to experimentation skills and conceptual understanding during guided
inquiry learning. All students (N = 110, Mg = 12.07) attended a lesson about photosynthesis
and worked on a structured inquiry task individually. Experimentation skills were measured by
the proportion of controlled experiments. Conceptual understanding comprised students’
written argumentation and posttest scores. We identified three distinct clusters, based on
students’ prior knowledge, self-concept, and interest — Underestimating, Struggling, and
Strong. Although Struggling students conducted a significantly higher proportion of controlled
experiments than Strong students, Underestimating and Strong students outperformed them in
the conceptual knowledge posttest. Using experimentation skills to explain differences in
conceptual understanding is not suitable in structured tasks where students have no freedom to
experiment. We found no differences in argumentation quality. Students’ interest and self-

concept need to be considered when explaining the effectiveness of inquiry learning.

Publication process: Under review: Learning and Instruction
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2. Theoretical Background

Inquiry learning is often used in science education because it actively engages students in
hypothesis generation, experimental design, and argumentation when learning about scientific
phenomena (Furtak et al., 2012). To be successful, students need experimentation skills, which
can influence their conceptual understanding (Bryant et al., 2015). For example, to design
unconfounded experiments, students should only manipulate one variable at a time and keep
the remaining variables constant (control of variables strategy (CVS); Chen & Klahr, 1999).
With appropriate guidance, learning from inquiry can be more effective than direct instruction
(Lazonder & Harmsen, 2016). Nevertheless, even when guidance is provided, students can vary
in conceptual understanding (van Riesen et al., 2019), suggesting that inter-individual
differences may be a boundary condition for the effectiveness of (guided) inquiry learning (de

Jong, 2019).

As active-learner pedagogies rely on students’ engagement and activity, it is important
to consider how motivational and cognitive factors influence students’ experimentation skills
and conceptual understanding. Pedagogical approaches like inquiry learning, that require more
active monitoring and control by learners, are likely more affected by features related to the
ability to control, namely cognitive and motivational prerequisites (Scheiter & Gerjets, 2007).
Previous research has studied the effects of cognitive and motivational variables from a
variable-centered perspective (Jansen et al., 2015; Mulder et al., 2009; van Riesen et al., 2019).
In contrast, in the present study we applied a person-centered approach to first identify
subgroups of students based on their configurations of multiple characteristics (e.g.,
knowledgeable but unmotivated) and second to relate the subgroups resulting from this

approach to learning processes and outcomes (Seidel, 2006).

2.1 Inquiry Learning

Modern science education emphasizes the need to involve students in the knowledge
construction process by implementing more active learner-centered instruction (de Jong, 2019).
Active learning can result in deeper understanding and better learning outcomes compared to
more passive instructional methods (Freeman et al., 2014). Inquiry learning actively engages
students in the scientific process and relies on their participation (de Jong & van Joolingen,
1998). During inquiry learning, instead of receiving direct instruction about scientific facts,
students develop hypotheses, conduct experiments, and evaluate findings to derive conclusions

about the underlying scientific principle in question (Lazonder & Harmsen, 2016; Pedaste et
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al., 2015). In this way students can gain conceptual, procedural, and epistemic knowledge

(Furtak et al., 2012).

Inquiry learning is typically divided into inquiry phases which form an inquiry cycle
(Pedaste et al., 2015; White & Frederiksen, 1998). Pedaste et al. (2015) synthesized different
inquiry phases and cycles into an inquiry framework consisting of five distinct phases —
orientation, conceptualization, investigation, conclusion, and discussion. During the
orientation phase, the problem is identified, and the important variables are specified. The
conceptualization phase involves two sub-phases, questioning and hypothesis generation,
during which the relationship between different variables is stated. The product is a research
question and/or specific hypotheses about the relationship between different variables. The
investigation phase consists of three sub-phases: exploration, experimentation, and data
interpretation. In the exploration and experimentation phases, the experiment is designed, and
data are collected. Then, data are interpreted, and new knowledge is synthesized. During the
conclusion phase, the findings are interpreted and a final conclusion made. The discussion
phase involves reflection about the inquiry process after each phase or communicating the

findings to a broader audience.

Due to its complexity students often struggle with different aspects of the inquiry
process, like designing meaningful experiments and interpreting data (de Jong & van
Joolingen, 1998). Inquiry learning is particularly effective when additional support is provided
(Furtak et al., 2012; Lazonder & Harmsen, 2016). Nevertheless, the effectiveness of guided
inquiry learning may depend on students’ prior knowledge (van Riesen et al., 2019),
experimentation skills (Bumbacher et al., 2018), and interest (Renninger et al., 2014). To be
able to conduct and interpret scientific experiments, a fundamental experimentation skill is the
control of variables strategy (CVS; Chen & Klahr, 1999). The CVS entails that, to produce
unconfounded results, only the independent variable should be manipulated in an experimental
trial and the remaining variables should be kept constant (Chen & Klahr, 1999). An important
predictor of the CVS is students’ science content knowledge in secondary education
(Schwichow et al., 2020). Despite its central role for successful inquiry, students and adults
often struggle with the CVS (Zimmerman & Croker, 2013) by manipulating irrelevant variables
or multiple variables at once (de Jong, 2006). Providing students with guidance was effective
for learning the CVS, for example, using video modeling examples (Kant et al., 2017) or task

structuring (Lazonder & Kamp, 2012).
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When assessing experimentation skills, it is more meaningful to measure hands-on
behavior than using multiple-choice or open-ended questions (Schwichow et al, 2016). Stender
et al. (2018) showed that only experimentation skills, measured as controlled experiments and
hypothesis evaluation, were directly related to knowledge gains, whereas declarative
knowledge about the CVS had only an indirect effect via experimental skills, which implies
that even though students understand the CVS in theory, they do not necessarily apply it in
practice. Therefore, we coded screen captures of students’ inquiry behavior as a hands-on

measure of the CVS (Kant et al., 2017).

2.2 Conceptual Understanding

Students’ learning outcomes at the end of inquiry are typically measured using tests on
conceptual understanding (e.g., Husnaini & Chen, 2019). Because inquiry aims to generate and
justify knowledge claims, argumentation is another important indicator of conceptual
understanding (e.g., Jimenez-Aleixandre et al., 2000). Argumentation aims to establish the
relationship between claims and evidence, positioning itself in the center of scientific inquiry
(Duschl & Osborne, 2002). For example, students engage in argumentation when they interpret
evidence, but they often use inappropriate or irrelevant data in their arguments (Sandoval &
Millwood, 2005). Students also need to provide reasoning in their argumentation; however,
they often provide vague or purely descriptive explanations without specifying the underlying
causal mechanism (McNeill et al., 2006). Prior content knowledge is a strong indicator of
producing high-quality arguments as students often build upon their prior knowledge and
experiences when engaging in argumentation (von Aufschnaiter et al., 2008). We used
argumentation quality, alongside test scores, as a measure of conceptual understanding. We
adapted the claim-evidence-reasoning framework (McNeill et al., 2006) to our context. The
claim is the answer to the research question, the evidence is the provided data to support the

claim, and the reasoning justifies using the evidence to support the claim.

2.3 Individual Characteristics and Inquiry Learning

Cognitive and motivational characteristics are highly predictive and relevant for learning,
engagement, and academic achievement (Huang, 2011; Simonsmeier et al., 2021). Engagement
is particularly important in active pedagogies and is associated with better learning outcomes
(Chi & Wylie, 2014). For example, interest, self-concept and prior knowledge can affect
students’ engagement and effort (Hidi, 1990; Rodrigues, 2007; Schnitzler et al., 2021). In the

following, we discuss the individual role of these factors for inquiry learning.
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2.3.1 Prior Knowledge. Active forms of learning, like inquiry learning, are more
effective for obtaining deep understanding when learners already possess a certain level of
prior knowledge (Hattie & Donoghue, 2016). However, to benefit learning, prior knowledge
needs to be activated, relevant, and congruent (Brod, 2021). To be able to generate hypotheses
about the relationships between variables and design experiments to test them, students need
at least some prior content knowledge. Students employ different investigative strategies
depending on their levels of prior knowledge (Lazonder et al., 2008). High prior knowledge is
associated with generating and testing specific hypotheses, better performance (Lazonder et
al., 2008), and more goal-directed behavior (Hmelo et al., 2000). Furthermore, high-prior
knowledge students use more sophisticated strategies during inquiry learning (Schauble et al.,
1991), for example, the CVS (Kanari & Millar, 2004). Low-prior knowledge students have
difficulties relating different variables or they simply guess their relationships (Mulder et al.,
2009). They also tend to design simpler experiments, manipulate irrelevant variables, neglect
control variables (de Jong, 2006), and violate the CVS more frequently than students with high
prior knowledge (Bumbacher et al., 2018).

2.3.2 Academic Self-Concept. Academic self-concept refers to one’s perceived ability
in an academic domain (Marsh & Martin, 2011) and has a positive reciprocal relationship with
academic effort (Trautwein et al., 2006), achievement (Huang, 2011), choice of academic
courses and interest (Trautwein & Moller, 2016). Students who perceive themselves as
competent in an academic domain are likely to be more successful than their peers with similar
abilities (Marsh & Martin, 2011). Consequently, academic self-concept is a prominent
determinant of achievement and fostering academic self-concept is a desirable educational

outcome (OECD, 2003).

Academic self-concept is domain-specific, because while students might feel
competent in one subject (e.g., English), they can have a low self-concept in another subject
(e.g., science). Science academic self-concept is a multidimensional, subject-specific construct
(Jansen et al., 2014). Subject-specific grades are strong predictors of academic self-concept in
the same subject, but not in other subjects (Jansen et al., 2014). Reciprocally, academic self-
concept is a significant predictor of science achievement when considered separately from self-

efficacy (Jansen et al., 2015).

Engaging in inquiry activities has overall positive effects on academic self-concept,

suggesting that it is important to foster positive mastery experiences during inquiry to avoid
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feelings of failure which negatively impact students’ self-concept (Jansen et al., 2015). While
previous meta-analyses have shown a reciprocal relationship between achievement and
academic self-concept (Huang, 2011; Marsh & Martin, 2011), an analysis of how academic
self-concept influences students’ experimentation and conceptual understanding during inquiry
is yet missing. Outside of the context of inquiry, higher academic self-concept was related to

higher engagement and higher achievement in the end of the year (Schnitzler et al., 2021).

2.3.3 Interest. Interest is conceptualized as the psychological state of engaging, and the
motivation to re-engage, with specific content (Hidi & Renninger, 2006). Interest is a
multidimensional construct comprising affect, knowledge, and value regarding a performed
activity (Hidi & Renninger, 2006). Having interest in a specific content (e.g., science) is
associated with deeper understanding, greater effort, and perseverance despite facing
difficulties (Hidi, 1990). Moreover, interest has a positive effect on students’ attention, goal
setting, and the development and use of learning strategies (Renninger & Hidi, 2011). In
science learning, interest has reciprocal links with the environmental context (science classes)

and students’ behavior (Glynn et al., 2015).

Motivation can guide and sustain science learning behaviors (Glynn et al., 2015).
Students’ situational interest can be fostered by engaging them in novel, challenging, and social
activities, like inquiry (Renninger et al., 2014). For example, an inquiry-based intervention
positively affected students’ science learning (Renninger et al., 2014). Importantly, the
intervention had positive effects for students with different levels of interest and suggested that
students with varying levels of interest might need different types of support. While the benefits
of inquiry on generating and maintaining students’ interest in science have been investigated
in prior research, the evidence regarding the influence of pre-existing interest in science on

students’ experimentation skills and conceptual understanding is scarce.

2.4 Combined Effects of Student Characteristics

The studies discussed above relate the individual effects of cognitive and motivational
characteristics on students’ learning outcomes, by applying a variable-centered approach
(Howard & Hoffman, 2018). This approach, however, measures the influence of student
prerequisites in isolation, and ignores that, for instance, cognitive and motivational
characteristics are consequently interwoven (Tobias, 1994). As such, it is important to

investigate their combined effects (Kosel et al., 2021). For example, interest is related to
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engagement and knowledge acquisition (Tobias, 1994) and self-concept is related to interest
(Trautwein & Modller, 2016). Recent studies, therefore, adopted a person-centered approach,
which particularly takes the dependencies of student prerequisites into account, by identifying
unique subgroups of students based on their cognitive and motivational characteristics (Kosel
et al., 2021; Schnitzler et al., 2021; Seidel, 2006). The person-centered approach uses methods
like cluster analysis and mixture modeling to identify unique subgroups (high within-group
similarity and high between-group variability) of participants based on certain grouping

variables (Howard & Hoffman, 2018).

The value of a person-centered analysis lays in the identification of heterogeneous
subgroups as well as homogeneous subgroups (Seidel, 2006). Kosel et al. (2021) classified
more than half of the students in their sample into heterogeneous groups, characterized by
incoherent combinations of cognitive and motivational characteristics (e.g., knowledgeable but
unmotivated). Such analysis can provide educational implications for the needs of diverse
students (Hayenga & Corpus, 2010). A person-centered analysis has not been yet applied in
relation to learning outcomes and processes during inquiry. Therefore, by using a person-
centered approach, we investigated how cognitive and motivational variables relate to

secondary students’ experimentation skills and learning outcomes.

3. The Present Study

We present a field study which investigated how students’ individual prerequisites relate to
experimentation skills and conceptual understanding during computer-supported inquiry
learning. The study was conducted in a technology-enhanced laboratory mimicking a
classroom (TiiDiLaB) in which data can be collected with whole classes. The laboratory is
equipped with laptops, tablets, and internet and provides a controlled setting for conducting
technology-enhanced lessons involving inquiry learning. Students’ individual prerequisites
(self-concept, interest, and prior knowledge) were assessed prior to attending a biology lesson
in the lab. During the lesson, all students solved a computer-supported inquiry task on the topic
of photosynthesis. At the end of the inquiry task, students wrote an answer to the research
question they investigated, from which we coded argumentation quality. Then, they solved the
conceptual knowledge posttest. We preregistered the following research questions and analyses
(https://aspredicted.org/blind.php?x=/YX5 T7J). Because we did not preregister specific

hypotheses, we only state our expectations:
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RQ1) What types of clusters can we identify based on students’ individual

prerequisites?

Because mixture modeling (e.g., latent profile analysis) requires larger samples, we used
cluster analysis to distinguish students based on their levels of prior knowledge, academic self-
concept, and interest in biology. We expected to identify maximum 4 clusters with different
combinations of these variables. For example, groups with homogeneous scores on all
variables, and groups with heterogeneous scores on the cognitive and motivational variables

(Kosel et al., 2021).
RQ2) Do the clusters differ in experimentation skills?

We measured experimentation skills as the proportion of controlled experiments (CVS) coded
from screen captures of students’ inquiry behavior. In line with Schwichow et al. (2020), we

expected that high-prior knowledge students would perform more controlled experiments.
RQ3) Do the clusters differ in conceptual understanding?

We compared the clusters in conceptual understanding, measured by students’ posttest scores
and the argumentation quality in their written answers. We expected that students with high

prior knowledge, interest, and self-concept to have better conceptual understanding.

RQ4) Do experimentation skills mediate the relationship between individual

prerequisites and conceptual understanding?

Previous research (Bumbacher et al., 2018) has shown that experimentation strategies are
strongly and positively correlated with factors of conceptual understanding. Therefore, we
investigated whether experimentation skills mediate the relationship between individual

characteristics and conceptual understanding.
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4. Method

4.1 Participants and Design

Participants were 110 seventh grade students from six? classes in Southern Germany. Students
were 12.07 years old on average (SD = 0.56) and 57.3% of them were male. Students were
native German speakers (71.8%), bilingual (9.1%), or had another mother language (15.5%),
and one participant did not state their mother language. On average, participants’ last grade in

biology was 2 (SD = 0.70), ranging from 1 (very good) to 6 (failed).

The study was a part of a larger research project which also addressed the effects of an
additional experimental manipulation that was, however, administered after the lesson and the
inquiry task (Jacob et al., 2022). Students in all classes and independent of this experimental
manipulation received the same instruction and performed the same inquiry task, which is the
focus of the present study. Data relating to this task have not been analyzed previously. The
research project was approved by the local government and informed consent for participation

was obtained from all students and their parents.

4.2 Measures

4.2.1 Academic Self-Concept. Academic self-concept in biology was measured using
6 items from PISA (OECD, 2016; Cronbach’s o =.72), rated on a Likert scale ranging from 1
(completely disagree) to 4 (completely agree). An example item of the scale is “I quickly learn

new material in biology”.

4.2.2 Interest. Interest in biology was measured using five items from PISA (OECD,
2016; Cronbach’s a = .88), rated on a Likert scale ranging from 1 (completely disagree) to 4
(completely agree). An example item of the scale is “I am interested in learning something new

in biology.”

4.2.3 Prior Knowledge. The test assessed prior knowledge about different principles
of photosynthesis (e.g., “What is the function of chloroplasts?”’) using five multiple-choice
items with one correct answer (maximum score = 5). Because the items assessed knowledge

about various aspects of photosynthesis, unsurprisingly the internal consistency was low

2 The original sample comprised 7 classes (Jacob et al., 2022). However, after collecting data
from the first class, the instruction and inquiry task were shortened. Therefore, we analyzed the
six remaining classes.
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(Cronbach’s a = .37; see Stadler et al., 2021, for the inadequacy of Cronbach’s alpha as a

quality indicator for knowledge tests).

4.2.4 Experimentation Skills. We coded experimentation skills from screen captures
of participants’ actions during the inquiry task. For each experiment conducted, we coded the
use of CVS, correct variables, and incorrect variables. Experimentation skills were defined as
the proportion of controlled experiments relative to the total number of experiments (Kant et
al., 2017). We used the CVS as a measure of experimentation skills because it incorporates
information about the manipulation of all variables in each distinct experiment, which is more
informative than the isolated frequencies of correct or incorrect variable use (see Table 3 for
descriptive statistics). To establish inter-rater reliability, two trained raters independently coded
20% of the data (21 videos, 1380 codes) and reached perfect agreement (k = .99); one of the

raters coded the remaining videos.

4.2.5 Argumentation Quality. We asked students to synthesize the previously
collected evidence and provide a short explanation regarding the question “How are the CO:
concentration and the oxygen production related?”. Students’ answers had 22 words on
average (SD = 13.7). Argumentation quality was assessed by scoring by participants’ answers
using an adapted version of the coding scheme from McNeill et al. (2006), see Table 1. The
scheme assessed the quality of the claim (0-1), the evidence (0-1), and the reasoning (0-1),
adding to a maximum score of 3. Two raters independently scored 20% of the answers (n = 20)

and achieved perfect inter-rater reliability (x = .93).

4.2.6 Conceptual Knowledge Posttest. In the posttest, conceptual knowledge was
measured using nine different items (Cronbach’s a = .58). Each question had one correct
answer (maximum score of 9). An example item is “Which substance is the product of

photosynthesis?”.

4.3 Lesson on Photosynthesis

All classes attended a scripted lesson about photosynthesis taught by the same teacher. Students
first filled out a paper questionnaire assessing their demographic information, prior conceptual
knowledge, academic self-concept, and interest. We co-designed the lesson with pre-service
biology teachers. Following the inquiry learning cycle (Pedaste et al., 2015), the lesson had
five phases. First, students watched an introductory video about photosynthesis to re-activate

their knowledge (orientation phase). Second, students received direct instruction on the
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components of photosynthesis (conceptualization phase). The teacher introduced the
Photosynthesis simulation (Figure 3) and explained how different environmental conditions
can be simulated (e.g., light intensity can be varied with a light bulb). The teacher explained

the inquiry task and answered questions.

Table 1

Coding Scheme for Assessing Argumentation Quality, Adapted from McNeill et al. (2006)

Component 0 1
Claim No claim or an incorrect claim Makes an accurate and complete
about the relationship between claim.
CO; oxygen production
“If you give the plant more oxygen, “The more CO,, the higher the
the plant returns more CQO,.” oxygen formation rate.”
(reverse relationship)
Evidence No evidence or wrong evidence Provides concrete and correct
“Goes in 5-degree steps” evidence
“But above a certain CO; level
(300ppm) the oxygen rate remains
the same.”
Reasoning Provides incorrect  scientific Mentions the correct scientific

principle or reasoning that does not  principle
link the claim and data.

“Oxygen is produced by the CO:.
“The more CO; is produced, the Without CO; there would be no
more photosynthesis the plant oxygen. The more CO;

s

does.’ concentration, the higher the

oxygen formation rate.”

Third, students used a structured worksheet and the Photosynthesis simulation to
conduct experiments and collect data individually (investigation phase). The worksheet guided
students’ experimentation and use of the CVS by providing specific values for temperature,
light intensity, and CO». Each class was split in six groups and each group was given different
values for light intensity and temperature and the same six values for CO,. In the end, there
were six different combinations of light intensity and temperature values that the groups
investigated for six CO2 values. For example, one group had to keep the values 21° C and 20%
light intensity constant and vary six CO; levels. The resulting values for oxygen flow were
filled in a table and then transferred to a graph on the worksheet, which was identical to the

graph in the simulation (see the right section of Figure 3).
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Figure 3

The Photosynthesis Simulation Used in the Inquiry Task
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Note. Copyright (2021) by Explore Learning. Reprinted with permission.

Last, during the conclusion and discussion phases, the teacher collected the answers
from each group and noted the correct answers on the smartboard in a whole-class discussion.
All students could see how different levels of light intensity, temperature, and CO, affect
oxygen flow. Conclusions about the individual effects of light intensity and temperature were
drawn. Students wrote a short interpretation of their findings about the relationship between
CO: concentration and oxygen flow, which was not previously discussed with the class.
Afterwards, all students wrote a mnemonic on their worksheets, explaining the relationship
between the three factors. The duration of the lesson was about 45 minutes. Then, another
experimental study followed (Jacob et al., 2022), which did not influence the outcomes

addressed in this paper.

4.4 Data Analysis

To obtain the optimal number of clusters (RQ1), we performed a k-means cluster analysis in
RStudio (RStudio Team, 2020). Since the input variables (self-concept, interest, and prior
knowledge) for the cluster analysis were measured on different scales, they were first z-
standardized. The optimal cluster solution was determined by inspecting the scree plot, which

illustrates the within-cluster sum of squares as a function of the number of clusters (1-15). The
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largest decrease in within-cluster sum of squares indicates the optimal number of clusters
(Lopez-Rubio et al., 2018). Next, we used one-way ANOV As and post-hoc comparisons with
Bonferroni corrections to compare the clusters in experimentation skills (RQ2) and conceptual
understanding (RQ?3). In case of assumption violations, we used Welch-ANOVA and Games-
Howell corrections. We additionally computed learning gains, measured by the difference in
average correctly solved questions between posttest and pretest. To determine whether
experimentation skills mediate (RQ4) the relationship between individual characteristics (self-
concept, interest, and prior knowledge) and conceptual understanding (posttest scores,
argumentation quality), we conducted mediation analyses using the PROCESS macro (Hayes,

2017) in SPSS 25.

5. Results

5.1 Number and Type of Clusters

The k-means cluster analysis indicated the optimal cluster solution to consist of three clusters
(measured by the largest decrease in within-cluster sum of squares). To validate the cluster
solution, we calculated F-scores indicating the homogeneity of each cluster (Scheiter et al.,
2009). The F-score is the ratio of the within-cluster variance to the total variance for each
clustering variable (' < 1 indicates good homogeneity). Additionally, a discriminant analysis
correctly classified 98.2% of the students in the previously identified clusters, indicating a very
good fit between the two methods (see Table 2). Large standardized discriminant coefficients

indicated that prior knowledge and interest contributed the most to the cluster separation.

Table 2

Standardized Homogeneity and Discriminant Indices

Variables Underestimating Struggling Strong Discriminant
(n=29) (n=48) (n=33) indices
Self-concept 0.68 0.59 0.73 .305
Interest 0.56 0.58 0.25 .626
Prior knowledge 0.20 0.35 0.58 744

The Underestimating cluster (n =29; 26.4%) had slightly below-average academic self-
concept, below-average interest, and high prior knowledge, see Figure 4. The Struggling cluster
(n = 48; 43.6%) scored below-average on all variables. The Strong cluster (n = 33; 30%) had

high self-concept and interest, and above-average prior knowledge. Students’ gender and
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biology grade were not used for clustering but were analyzed as a function of clusters. The
clusters did not differ significantly in gender X?(2) = 5.61, p =.061 or in the last biology grade,
F(2,69.14)=1.53, p = .22.

Figure 4

Characteristics of the Three Clusters Using Standardized Scores and Standard Error Bars

15 B Self-concept @ Interest O Prior knowledge

.
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Underestimating (n = 29) Struggling (n = 48) Strong (n = 33)

5.2 Cluster Membership and Experimentation Skills

A sensitivity analysis (k= 3, N= 110, power = .80) conducted in G*Power 3 (Faul et al., 2007)
indicated that the effect sizes would have to be at least medium (f'= 0.30) to be detected. A
Welch one-way ANOVA indicated significant differences between the clusters in the number
of controlled experiments, F(2, 52.78) = 4.35, p = .018, ®? = .06 (medium). Post-hoc
comparisons identified that, surprisingly, Struggling students had a significantly higher
proportion of controlled experiments than Strong students, p = .028, d = 0.61. There were no
other significant differences (see Table 3). Overall, the proportion of controlled experiments

was very high.

5.3 Cluster Membership and Conceptual Understanding

The clusters differed significantly in the conceptual knowledge posttest, F(2, 109) = 8.81, p <
.001, n? = .14 (large). Post-hoc comparisons showed that the Underestimating students scored
higher than the Struggling students, p = .038, d = 0.61. Strong students scored higher than
Struggling students (p < .001, d = 0.91), but they did not differ significantly from
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Underestimating students, p = .61. To determine whether significant posttest differences were
not simply a statistical artefact (regression to the mean), we compared the differences in
learning gains, measured by subtracting the pretest from the posttest scores. Since the tests had
different number of items, we z-standardized the scores, which now reflect learning gains

relative to the sample.

Table 3

Means (and Standard Deviations) of Experimentation Skills and Conceptual Understanding

Underestimating Struggling Strong
(n=29) (n=48) (n=33)

Proportion of CVS 0.83 (0.26) 0.92 (0.12) 0.83 (0.17)
Correct variable use (absolute 7.90 (22.65) 8.06 (17.33) 10.85 (6.69)
numbers)
Incorrect variable use (absolute 8.48 (22.27) 3.27 (17.29) 10.27 (12.39)
numbers)
Number of experiments 11.38 (26.66) 8.81 (17.98) 12.06 (10.89)
Conceptual knowledge post test 6.83 (1.73) 5.79 (1.69) 7.39 (1.82)
Learning gains (relative) -0.75 (0.93) 0.47 (1.14) -0.03 (1.19)
Claim (0-1) 0.72 (0.46) 0.70 (0.46) 0.81 (0.40)
Evidence (0-1) 0.24 (0.43) 0.18 (0.39) 0.16 (0.37)
Reasoning (0—1) 0.68 (0.48) 0.68 (0.47) 0.74 (0.45)
Argumentation total (0-3) ? 1.64 (1.15) 1.57 (1.07) 1.71 (1.05)

in =25 n=44,n=31, respectively

The clusters significantly differed in their learning gains, F(2, 109) = 11.04, p <.001,
n? = .17 (large). Post-hoc comparisons indicated that Underestimating students had
significantly lower learning gains than Struggling, p < .001 and Strong students, p = .036.
Struggling and Strong students did not differ significantly, p = .14. The Struggling students had
the highest learning gains (see Table 3), and prior knowledge was negatively correlated with
learning gains (r = -.60, p < .01), indicating that lower prior knowledge was associated with
higher learning gains. The clusters did not differ significantly in argumentation quality.

Overall, all students rarely provided evidence in their statements, whereas they more often

provided a correct claim and reasoning.
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5.4 Mediation Analysis

We conducted mediation analysis to determine if experimentation skills mediate the
relationship between individual characteristics (self-concept, interest, and prior knowledge)
and conceptual understanding. Since the clusters did not differ in argumentation quality,
mediation analyses were performed for the posttest only. The Struggling cluster served as the
reference category. Therefore, the first set of effects compared the Underestimating and the
Struggling clusters and the second — the Strong and the Struggling clusters. There were no
indirect effects, demonstrated by the 95% bootstrap confidence intervals including zero. Hence,
experimentation skills did not mediate the relationship between individual characteristics and

conceptual knowledge posttest scores, see Figure 5.

Figure 5

Mediation Analysis with Cluster Membership as Predictor Variable (X), Experimentation
Skills as a Mediator (M), and Posttest Scores as Outcome Variable (Y)
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6. Discussion

The present study provides a novel application of the person-centered approach in relation to
experimentation skills and conceptual understanding during inquiry learning. We identified
distinct subgroups of students based on their prior conceptual knowledge, interest, and
academic self-concept in biology. We related students’ characteristics to their learning

processes and learning outcomes during a teacher-led inquiry lesson.
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6.1 Types of Student Clusters

We identified one inconsistent (Underestimating) and two consistent (Struggling and Strong)
clusters of students based on their cognitive and motivational characteristics. Underestimating
students had high prior knowledge but low interest and self-concept, whereas Struggling
students scored low on all variables, and Strong students scored above-average on all variables.
Intriguingly, we did not identify a group scoring very high on all three variables. Strong
students had almost twice as high self-concept and interest than prior knowledge. In our
sample, prior knowledge was weakly positively correlated with self-concept (»=.27, p =.004),
but not with interest. While a substantial relationship between interest and prior knowledge
was identified (Tobias, 1994), a potential explanation is that we assessed general interest in
biology whereas the prior knowledge items were topic specific. Topic interest is strongly
related to knowledge acquisition and academic achievement (Alexander et al., 1997; Schiefele
et al., 1992). Nevertheless, “strong” students identified in prior research do not score equally

high on all variables, but show similar patterns (Kosel et al., 2021).

6.2 Conceptual Understanding

Regarding conceptual understanding, Strong and Underestimating students had significantly
higher posttest scores than Struggling students. We found no differences in argumentation
quality and most students struggled with providing evidence in their answers. Students were
not taught to provide high-quality arguments and they require additional instruction and
practice to successfully engage in argumentation (Osborne et al., 2004). Thus, both cognitive
(prior knowledge, Underestimating) and motivational variables (self-concept, interest, Strong)

were associated with conceptual understanding (posttest).

We additionally computed learning gains from pre- to posttest to ensure that differences
in learning outcomes were not simply a result from varying prior knowledge. Struggling
students showed the highest learning gains, almost twice as high as Strong, and four times
higher than Underestimating. Underestimating students, with the highest prior knowledge, had
close to zero learning gains between pre- and posttest. This finding suggests an expertise-
reversal effect (Kalyuga, 2007), showing that instruction that is highly effective for low-prior
knowledge students is ineffective, or even detrimental, for high-prior knowledge students.
Similarly, intervention studies in inquiry learning have emphasized the need to tailor guidance
to students’ prior knowledge. Students with low-intermediate prior knowledge benefitted the

most from learning with a less constrained tool which allowed them to design experiments and
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use the CVS freely (van Riesen et al., 2018, 2019). Our findings indicate that it is important to
further investigate the influence of motivational variables during guided inquiry, as interested
and confident students might be more autonomous and therefore require less (specific)

guidance.

6.3 Experimentation Skills

The clusters differed significantly in the posttest, learning gains, and experimentation skills
(only Struggling and Strong), but not in argumentation quality. Despite conducting the highest
proportion of controlled experiments, the Struggling students scored lower than
Underestimating and Strong students in the posttest. Nevertheless, the Struggling students had
the highest learning gains. In the following, we discuss potential explanations of these
contradictory findings regarding students’ experimentation skills and conceptual

understanding.

The fact that the Struggling students performed the highest proportion of controlled
experiments is surprising, as previous research has demonstrated that low-prior knowledge
students apply the CVS less frequently than high-prior knowledge students (Bumbacher et al.,
2018; Schauble et al., 1991). However, these studies only considered the effects of prior
knowledge while we further considered interest and self-concept. Furthermore, the proportions
of controlled experiments for all students were high (between 83% and 92%), suggesting that

students often performed the task correctly and followed the structured instruction.

Using structured tasks to reduce the number of actions can support low-prior knowledge
students (van Riesen et al., 2018, 2019). On the one hand, our findings attest the benefits of
using structured tasks to guide low-prior knowledge students’ use of the CVS, as Struggling
students used the CVS significantly more often than Strong students. However, the structured
task might have been redundant for students who are knowledgeable, motivated, and confident
(Strong students). GroBmann and Wilde (2019) showed similar findings; however, they only

considered students’ prior knowledge and not their motivation.

On the other hand, while specific guidance can be beneficial for supporting low-prior
knowledge students, too much guidance “inevitably challenges the inherent nature of the
inquiry process” (p. 706, Lazonder & Harmsen, 2016) and can hinder deep processing and
reflection (GroBmann & Wilde, 2019). Providing students with a highly structured task might

have impeded them from engaging in thoughtful experimentation. A highly structured task also
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makes it difficult to determine whether the high proportion of controlled experiments is in fact
a result from thoughtful experimentation and understanding or simply following directions.
Consequently, our measure of experimentation skills might be unsuitable for measuring the
quality of performing on structured task. Process measures can only explain differences in
students’ actions when students are given enough degrees of freedom. This explanation is

further supported by the non-significant mediation of experimentation skills.

To measure intentionality during experimentation, Bumbacher et al. (2018) used the
time between experiments. Others have stressed the importance of also measuring cognitive
and metacognitive processes during inquiry (van Riesen et al., 2018) using other methods (e.g.,
think aloud; Omarchevska et al., 2021). For example, it is important to determine the types of
learning strategies that students are using (e.g., trial-and-error, means-end analysis) and their
meaningfulness. Integrating information about students’ cognitive and metacognitive
processes during inquiry might further complement the use of CVS as a measure of
experimentation skills. It is important to investigate what other reasoning processes students
engage in during inquiry and focus on all inquiry phases (e.g., Fischer et al., 2014; Pedaste et
al., 2015). For example, combining information on students’ evidence evaluation processes
after conducting an experiment might be more informative since incorrect data interpretation

can override any benefits from using the CVS correctly (Mulder et al., 2014).

6.4 Limitations and Future Directions

We discuss several limitations of the present study. First, because of the smaller sample size,
we used cluster analysis instead of mixture modeling. An inherent drawback of cluster analysis
is the subjective identification of the cluster number using the scree plot. However, we
additionally performed other measures of cluster validation, which indicated that the within-
cluster similarity was high and that two different methods led to the same classification in
98.2% of the cases. Despite the sample size, we related students’ cluster membership to
learning processes and conceptual understanding in an ecologically valid study. Moreover, the
three clusters we identified are matching with previous studies using larger sample sizes and
advanced methods (LPA; Kosel et al., 2021). Nevertheless, a replication of our findings using

larger sample sizes is recommended.

Second, because of the analysis approach and the design of our study, we cannot
establish causal conclusions on how students’ characteristics affect their experimentation

behavior and conceptual understanding. However, person-centered approaches generally do
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not aim to establish causality; instead, they aim to discover distinct groups of students and

relate those to specific outcomes or covariates (Howard & Hoffman, 2018).

7. Conclusion

The present study attests the value of a person-centered approach in relating consistent and
inconsistent subgroups of students to learning processes and outcomes in the context of inquiry
learning. Underestimating students scored as high on the posttest as Strong students, indicating
that motivational variables also contribute to explaining variability in conceptual
understanding. As Underestimating students (26.3%) had no learning gains from the inquiry
task, it is crucial to design guidance that it is effective for diverse types of students. While this
is being considered for prior knowledge (van Riesen et al., 2018; 2019), our findings highlight
the importance of considering students’ prior interest and academic self-concept when

engaging them in inquiry learning.
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VII. Study 2: It Takes Two to Tango: How Scientific Reasoning and Self-

Regulation Processes Impact Argumentation Quality

1. Abstract

Improving scientific reasoning and argumentation are central aims of science education.
Because of their complex nature, self-regulation is important for successful scientific
reasoning. This study provides a first attempt to investigate how scientific reasoning and self-
regulation processes conjointly impact argumentation quality. In a study with university
students (N = 30), we used fine-grained process data of scientific reasoning and self-regulation
during inquiry learning to investigate how the co-occurrences between scientific reasoning and
self-regulation processes are associated with argumentation quality. When modeling the co-
occurrence of scientific reasoning and self-regulation processes using epistemic network
analysis, differences between students showing either high or low argumentation quality
become apparent. Students who showed high argumentation quality engaged in different
scientific reasoning processes together more often than students with low argumentation
quality, and they made more connections between self-regulation and scientific reasoning
processes. These findings offer educational implications for teaching scientific reasoning.
Integrating self-regulation and scientific reasoning during instruction could be beneficial for

improving scientific reasoning and argumentation.

Published as: Omarchevska, Y., Lachner, A., Richter, J., & Scheiter, K. (2021). It takes two to
tango: How scientific reasoning and self-regulation processes impact argumentation quality,

Journal of the Learning Sciences. https://doi.org/10.1080/10508406.2021.1966633
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2. Introduction

Scientific reasoning and argumentation are crucial facets of scientific literacy and their
development has become a fundamental aim of science education at all educational levels
(Engelmann et al., 2016; NRC, 2013; OECD, 2013). As a result, science education has moved
away from traditional lecture-style pedagogies to more active and learner-centered
instructional approaches like inquiry learning (de Jong, 2019; Freeman et al., 2014; Kober,
2015). In these approaches, students need to perform scientific reasoning activities while
monitoring and controlling their learning, thereby engaging in self-regulated learning (Greene,
Anderson, et al, 2018). Inquiry learning can be more effective for learning than direct
instruction (Alfieri et al., 2011; Hmelo-Silver et al., 2007; Lazonder & Harmsen, 2016), but
students’ success largely depends on their ability to self-regulate their learning (Greene, 2018;
Greene, Anderson, et al., 2018; Sinatra & Taasoobshirazi, 2018). Despite the importance of
self-regulation for scientific reasoning, research on the interplay of scientific reasoning and

self-regulation processes is scarce.

Against this background, we investigated how the co-occurrences of self-regulated
learning and scientific reasoning processes relate to argumentation quality. We collected fine-
grained process data of self-regulation and scientific reasoning recorded from university
students’ interaction with a computer-based inquiry learning environment. We identified
connections between self-regulated learning and scientific reasoning by focusing on temporal
patterns of association between these processes. Epistemic network analysis (ENA, Shaffer,
2017) was used as an innovative method to model the temporal co-occurrence of self-regulation

and scientific reasoning processes in relation to argumentation quality.

3. Theoretical Background
3.1 Scientific Reasoning and Argumentation

3.1.1 Scientific Reasoning. Scientific reasoning and argumentation skills are
increasingly important for understanding and evaluating the vast amount of scientific
knowledge we come across every day (Engelmann et al., 2016; Fischer et al., 2014; NRC,
2013). Scientific reasoning is necessary for understanding how scientific knowledge is created,
its associated scientific concepts and methods, and for assessing the validity of scientific

findings (Fischer et al., 2014). Consequently, fostering the development of scientific reasoning
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and argumentation skills has become a fundamental aim of science education (Engelmann et

al., 2016; OECD, 2013).

Scientific reasoning has been conceptualized and studied by different research
disciplines from developmental psychology (e.g., Kuhn, 2010), cognitive and educational
psychology (Klahr & Dunbar, 1988) to science education (Osborne, 2013). Scientific reasoning
was conceptualized as a problem-solving process (Klahr & Dunbar, 1988; Zimmerman, 2007)
which requires search within a hypothesis space and an experiment space. According to the
Scientific Discovery as Dual Search model (Klahr & Dunbar, 1988), three cognitive processes
are involved in scientific reasoning — hypothesis generation, experimental design, and evidence
evaluation. Kuhn (2010) defined scientific reasoning as an intentional knowledge-seeking
process that aims to coordinate theory (or hypothesis) and evidence in four phases — inquiry,
analysis, inference, and argument (Kuhn, 2010). One important cognitive strategy regarding
coordinating theory and evidence is the control-of-variables strategy (CVS, Chen & Klahr,
1999). The CVS entails holding all variables, except the one being tested, constant during
experimentation to produce conclusive results. Using the CVS is essential for differentiating
between confounded and unconfounded experiments to draw accurate conclusions from a

scientific experiment (Zimmerman et al., 1998).

Lastly, Fischer et al. (2014) provide a framework of scientific reasoning that integrates
previous theories and models. It defines scientific reasoning and argumentation as a set of
cross-domain skills, comprising eight epistemic activities. Fischer et al. (2014) defined the
eight epistemic activities as problem identification, questioning, hypothesis generation,
construction and redesign of artefacts, evidence generation, evidence evaluation, drawing
conclusions, and communicating and scrutinizing, see Table 4. The authors emphasize that not
all epistemic activities are given equal weight in each scientific domain and that engaging in
all epistemic activities is not always necessary for scientific reasoning (Fischer, et al., 2014;

Hetmanek et al., 2018).

The scientific reasoning frameworks share the common view that scientific reasoning
involves an intentional problem-solving process (Klahr & Dunbar, 1988; Zimmerman, 2007)
aiming to co-ordinate theory and evidence (Kuhn, 2010). The epistemic activities shared
between the scientific reasoning frameworks discussed above are hypothesis generation,

evidence generation, evidence evaluation, and drawing conclusions. Hence, in the present
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paper, we focus on this core set of scientific reasoning processes, which were also relevant to

the task students were asked to accomplish.

Table 4

Eight Epistemic Activities and Descriptions Defined by Fischer et al. (2014).

Epistemic activity

Description

Problem identification

Questioning

Hypothesis generation

Construction and redesign of

artifacts

Evidence generation

Evidence evaluation
Drawing conclusions

Communicating
scrutinizing

and

Perceiving a mismatch between a problem (from a science,
professional, or real-world context) and current explanations,
analyzing the situation, and building a problem representation.
Identifying one or more questions as the basis for an upcoming
reasoning process.

Constructing possible answers to a question (according to
scientific standards) based on known models, frameworks, or
evidence.

Creating prototypical artefact (e.g., an engineer building a
machine or a teacher constructing a learning environment), testing
it, and revising it based on the test.

Producing evidence following one of several methods. Amongst
them are controlled experiments, observational studies, and
deductive reasoning based on theory.

Analyzing various forms of evidence in regard to a claim or
theory.

Coming to a conclusion by weighing the relevance of different
pieces of evidence. Can lead to the revision of an initial claim.
Presenting and discussing the methods and the results of a
scientific reasoning process both within a team and a broader
community.

Note. From “Beyond intelligence and domain knowledge” by A. Hetmanek, K. Engelmann, A.
Opitz, and F. Fischer, 2018, In F. Fischer, C. A. Chinn, K. Engelmann, & J. Osborne (Eds.),
Scientific reasoning and argumentation, p. 205 (https://doi.org/10.4324/9780203731826-12).
Copyright 2018 by Taylor & Francis.

Because students need to engage in these different complex epistemic activities,

scientific reasoning and argumentation are often demanding for them (Osborne, 2010). While

children and adults can understand the basic difference between hypothetical beliefs and

empirical evidence, they have deficits in understanding the mechanisms and the methodology

to produce and evaluate evidence-based arguments (Fischer et al., 2014; Koslowski, 2012).

Specifically, students often have difficulties developing a hypothesis and designing an

experiment to test it (de Jong & van Joolingen, 1998). Still, many adults are struggling with

relating different theories, hypotheses, and evidence (Smith & Wenk, 2006). For example,

university students demonstrate common false scientific reasoning strategies, related to
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building and interpreting graphs, and not comparing the results from an experimental group to

a control group (Woolley et al., 2018).

The difficulties with scientific reasoning outlined above were found in different
domains. For example, students have difficulties understanding and reasoning about genetics
(Freidenreich et al., 2011) and even university students can struggle with these concepts
(Duncan, 2007; van Mil et al., 2016). Students have issues with understanding the relationship
between genes and observed traits and more specifically how the synthesized proteins are
involved in the expression of traits (Thorne & Gericke, 2014). The ability to reason about
genetic principles is important for general scientific literacy, for example, to understand

genetically modified organisms (Haskel-Ittah et al., 2019).

3.1.2 Argumentation. Directly related to scientific reasoning is argumentation, which
involves providing evidence-based statements in scientific explanations (Kuhn, 1993;
Schwarz, 2009). Argumentation was conceptualized as a part of a broader knowledge-
construction process together with scientific reasoning by Fischer et al. (2014). Argumentation
in scientific explanations is a consequence of scientific reasoning because it uses evidence to
draw conclusions about a scientific process (Engelmann et al., 2016). Hence, argumentation

quality is a sensitive indicator of students’ ability to reason scientifically.

In this study, to determine argumentation quality, we refer to the claim-evidence-
reasoning (CER) model by McNeill et al. (2006), which was designed to support students in
constructing scientific explanations. It breaks argumentation down into a claim, evidence, and
reasoning. The claim is the conclusion that answers the original question, the evidence is the
scientific data that is used to support the claim, and the reasoning is the justification that
explains why the data counts as evidence to support the claim, often including scientific
principles. According to McNeill et al. (2006), data are considered evidence when they are both
appropriate (directly relevant to the claim) and sufficient (e.g., multiple pieces of evidence to
support the claim). The CER model is used for teaching students how to incorporate theory and
evidence in their arguments to understand scientific principles and the scientific practice of
evaluating principles against evidence. In other words, focusing on these aspects of
argumentation can support both the acquisition of conceptual knowledge about scientific
phenomena and epistemic knowledge (Osborne et al., 2004) about the values of scientific

practice, such as using data to justify a claim (Sandoval & Cam, 2011).
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In science education, argumentation is important for writing scientific explanations,
which can enhance understanding of the scientific content (Zohar & Nemet, 2002). However,
similar to scientific reasoning, students struggle with articulating and justifying their claims
(Sadler, 2004) and they need practice to improve their argumentation (Osborne et al., 2004).
Students also struggle with providing or justifying the evidence for their claims (Bell & Linn,
2000; McNeill, 2011), and they tend to make claims without providing justifications (Fischer
et al., 2014). Educated and experienced adults can still struggle with providing evidence for

their claims and with differentiating between theory and evidence (Kuhn, 1991).

3.2 Engaging in Scientific Reasoning and Argumentation Successfully

3.2.1 Inquiry Learning. Inquiry learning is one pedagogical method that engages
students in scientific reasoning activities, which in turn are assumed to enable them to provide
high-quality arguments. A recent trend is to implement inquiry learning in technology-based
environments containing virtual experiments (Blake & Scanlon, 2007; Rutten et al., 2012), as
they provide a controlled and safe environment for students to practice scientific reasoning
skills (de Jong, 1991). Using virtual experiments, students can repeat scientific experiments
and investigate a variety of variable configurations. Hence, virtual experiments are a useful
addition for eliciting and investigating scientific reasoning processes, because students can test
research questions and hypotheses, collect evidence, evaluate evidence, and draw conclusions

(de Jong, 1991; van Joolingen et al., 2007; van Joolingen & Zacharia, 2009).

Nevertheless, reasoning scientifically in (virtual) inquiry settings can be difficult for
students, not only because they lack scientific reasoning skills, but also metacognitive skills to
self-regulate their learning (de Jong & Njoo, 1992; Manlove, et al., 2006). Metacognitive skills
are particularly important in such open-ended learning settings which are characterized by non-
linear and non-sequential presentation of information and multiple representations of
information like graphs, tables, text, and simulations (Azevedo, 2005; Goldman, 2003). To
successfully navigate through computer-based learning environments, students are required to
exert control of their learning processes (Scheiter & Gerjets, 2007) by selecting relevant
learning strategies, information, and variables. Therefore, to comprehensively describe the
processes that contribute to students’ success (or failure) in providing high-quality arguments,

one needs to not only study scientific reasoning processes, but also self-regulatory processes.

3.2.2 Self-Regulated Inquiry Learning. Self-regulated learning is conceptualized as

students’ use of cognitive and metacognitive strategies to control their learning (Pintrich,
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1999). Self-regulated learning models define self-regulated learning not as a trait, but rather as
a temporal, dynamic, and adaptive process (Zimmerman, 2013). Students who regulate their
cognition engage in processes of planning, monitoring, and evaluation while adopting different
learning strategies to achieve their goals (Boekaerts, 1999; Ertmer & Newby, 1996; Schraw,
1998). Students who plan effectively, start by setting goals they want to achieve at the end of
the learning task (Winne, 2001). They also plan their time and the learning strategy required
for the learning activities. In the next step, students monitor their comprehension and their goal
progress, and in case their goal is not met yet, they choose appropriate follow-up strategies and

activities (Azevedo et al., 2004; Winne, 2001).

The different models of self-regulated learning (e.g., Boekaerts, 1999; Zimmerman,
2013) have in common that they define self-regulation as a cyclical process comprising
different processes, such as monitoring, planning, and regulation of learning activities. The
present paper looks in detail at these processes and their interaction with scientific reasoning
and cognitive processes, which is why this commonality among models is central to our
research. The main difference between these self-regulation models is their
comprehensiveness: whereas Winne’s (1996) model is focused on cognition, Zimmerman’s
model is based on social-cognitive theory, and Boekaerts’ model (1999) considers how the
context influences the type of goals students pursue (Panadero & Alonso-Tapia, 2014). In
general, having high self-regulation skills is associated with higher learning gains (Azevedo et
al., 2004), while the opposite is true for students struggling to self-regulate (Land & Greene,
2000). This is particularly true for computer-based learning environments, where students often

struggle with self-regulation (Azevedo et al., 2010; Bannert, 2009; Bannert et al., 2015).

Students who can self-regulate their learning can benefit more from active learner-
centered pedagogies like inquiry learning than their less self-regulated peers (Dent & Koenka,
2016). The complex nature of scientific reasoning, comprising multiple epistemic activities,
requires students to actively self-regulate their inquiry learning, to be successful (Manlove et
al., 2009b; Reid et al., 2003; White et al., 2009). Planning at the beginning of a scientific
reasoning task can be helpful for students to decide which variables they want to manipulate to
conduct their experiment. Then, students need to monitor whether they are manipulating the
correct variable, or whether they have collected enough data. Students need to recognize if they
are not performing these activities correctly (i.e., monitoring) and select a new appropriate

learning strategy (i.e., control; White et al., 2009). Therefore, metacognitive factors, like
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knowledge and regulation of one’s cognition, which are important aspects of self-regulated
learning (Boekaerts et al., 2000; Pintrich, 2000), can influence knowledge gains from inquiry

learning (Chin & Brown, 2000; Kuhn et al., 2000).

Several authors have emphasized the importance of metacognition, which is a central
aspect of self-regulated learning, for scientific reasoning (Amsel et al., 2008; Andersen &
Garcia-Mila, 2017; Magno, 2011; Manlove et al., 2007; Pedaste et al., 2012). In particular,
self-regulation is important for choosing which scientific reasoning strategies to use and when
to apply them. However, to our knowledge, a fine-grained analysis of the interaction between
self-regulation processes and scientific reasoning activities during inquiry and its impact on
argumentation quality is yet missing. One notable exception are the studies by Manlove et al.
(2009b), who investigated the effects of regulative support tools on learning outcomes during
inquiry learning with online simulations. Their findings showed that using the support tools
was positively associated with students’ lab report scores and negatively associated with
students’ model quality. If we assume that using regulative support tools indicates the
application of self-regulation processes, then this is evidence of how self-regulation processes
matter for the outcomes of scientific inquiry. However, the studies still leave open the question
of how scientific reasoning processes and self-regulation processes are used conjointly and
spontaneously (i.e., when not prompted through providing support tools). Thus, in the present

paper, we argue that the spontaneous co-occurrence of the processes needs to be studied.

3.3 Epistemic Network Analysis as a Path to Analyze Co-Occurrences

Computer-supported learning environments (e.g., virtual experiments) give insight into
students’ actions during learning by means of log-file data, screen captures, and audio and
video recordings (Greene et al., 2021). These data sources incorporate temporal information
about the timing and the sequence of learning activities. Next to logfiles, concurrent think aloud
protocols during a learning task can provide additional information about students’ cognitive

and metacognitive processes (Greene, Deekens, et al., 2018).

Still, analyses of these process data have often been limited to what is called coding-
and-counting strategy (Suthers, 2006) or frequency analysis (Vogel & Weinberger, 2018),
where information about the pattern of activity over time is lost. This reduces the explanatory
power of the analysis and the validity of the conclusions (Reimann, 2009). Consequently,
researchers have recommended investigating how variables are connected and the patterns they

exhibit over time (Csanadi et al., 2018; Engelmann & Bannert, 2021; Reimann, 2009).
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Modeling the sequences of cognitive and metacognitive events can be more meaningful than
solely comparing and studying the frequencies of these events in isolation (Bernacki, 2018;

Zhou & Winne, 2012).

One novel method for analyzing the temporal relationship between cognitive and
metacognitive processes (i.e., scientific reasoning and self-regulated learning) is epistemic
network analysis (ENA; Shaffer, 2017). The main rationale behind this approach is that “the
structure of connections among cognitive elements is more important than the mere presence
or absence of these elements in isolation” (Shaffer et al., 2016, p. 10). Theoretically, ENA is
based on Epistemic Frame Theory (Shaffer, 2007, 2017) which postulates that learning
constitutes more than isolated actions during a learning process. Instead, learning is defined as
the changes to an individual’s epistemic frame which is expressed in interactions (e.g.,
discourse, exploration of technological artefacts; Shaffer, 2012). The epistemic network
represents the set of relationships between the knowledge, skills, and values that a person uses
to make decisions or justify their actions (Shaffer, 2017). Shaffer (2017) emphasizes that it is
not required to necessarily include all values, skills, and knowledge and that those concepts are
just examples of what can be included in an epistemic network. The crucial notion is the

connection between these concepts.

ENA provides insights into the connection between different processes by measuring
their co-occurrence and representing this relationship in dynamic network models (Shaffer et
al., 2016). These models portray the structure and strength of the connection between different
processes which makes ENA an appropriate method for modeling the structure of connections
between self-regulation and scientific reasoning. When we account for the temporal co-
occurrence of learning processes, we can observe patterns of learning activities that take place
at the same predefined timeframe (e.g., seconds, minutes, learning sessions). Then, we can
explore whether these patterns can be observed consistently in our data, and we can conclude
that certain learning processes are related to each other, whereas other learning processes are
not related (Csanadi et al., 2018). Observation of such patterns is not possible when we only

consider the frequencies of single events.

ENA has been used in various disciplines, such as medicine (e.g., communication
between health care teams; Sullivan et al., 2018), engineering education (Arastoopour et al.,
2016), computer-supported collaborative learning (Csanadi et al., 2018), and diagnostic

assessment in medical and teacher education (Bauer et al., 2020). In principle, ENA can be
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used whenever the research question refers to how groups differ with respect to processes and
the way they co-occur. Given the learning sciences’ strong reliance on rich process data, ENA
appears to be a very promising method for this area of research. Consequently, ENA was
proposed as a valuable method for the learning sciences, for example for studying discourse
during computer-supported collaborative learning (Csanadi et al., 2018). The advantages of
ENA over other modeling techniques is the ability to capture and visualize the temporal
patterns of co-occurrence between learning activities in the form of networks. Furthermore,
ENA provides a statistical comparison between networks which allows contrasting the co-
occurrence of these processes in different groups of students or conditions. Against this
backdrop, the present study used ENA to model the temporal co-occurrence of scientific
reasoning, self-regulation, and generic cognitive strategies during inquiry learning in relation

to argumentation quality.

4. The Present Study

This study investigated how the interaction between scientific reasoning and self-regulation
processes impacts argumentation quality, which is important for designing support measures
and educational interventions for inquiry learning. Furthermore, by modeling the learning
processes of students, next to learning outcomes, we can better explain which aspects of self-
regulation and scientific reasoning are associated with higher argumentation quality and inform
the design of guidance tools for inquiry learning. We explored how scientific reasoning and
self-regulation processes differed between students with high or low argumentation quality in
their answers to a research question (the product of the inquiry task). Fine-grained data on
scientific reasoning and self-regulation processes came from think aloud protocols and screen
recording during a computer-based inquiry task. Guidance is needed for many learners during
inquiry (Lazonder & Harmson, 2016); however, because we wanted to observe the full
spectrum of processes, only minimal guidance was provided (see method for details). We used
ENA (Shaffer, 2017) to model the co-occurrence of scientific reasoning and self-regulation
processes in relation to students’ argumentation quality. This study had the following research

question:

RQ) How do the temporal patterns of association between self-regulation and scientific

reasoning processes differ in relation to argumentation quality?

Our underlying rationale was that co-occurrences between scientific reasoning and self-
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regulation processes would be related to higher argumentation quality. This research question
was addressed by modeling the conjoint use of self-regulation, scientific reasoning, and generic
cognitive strategy processes using ENA in groups showing high and low argumentation quality.
Due to the inherently exploratory nature of ENA, precise hypotheses about specific

relationships could not be stated upfront.

5. Method
5.1 Participants and Design

The sample comprised 30 undergraduate students enrolled in different majors (23 females, Mg
= 23.33 years, SD = 2.85) from a university in Southern Germany. Participants were enrolled
in both science (n = 7; e.g., medicine, biochemistry, nanoscience) and non-science majors (n =
23; e.g., economics, law, linguistics, history). Participation in the study was voluntary and
written informed consent was obtained prior to participation. Additional informed consent for
the audio recording during think aloud was obtained from all participants. The study had a
duration of one hour and participants were compensated with 8 € for their time. The study
focused on investigating individual differences in students’ processes; therefore, no

experimental manipulation was used.

5.2 Materials

5.2.1 Virtual Experiment. Participants worked with the virtual experiment PopGen
Fishpond
(http://virtualbiologylab.org/ModelsHTMLS5/PopGenFishbowl/PopGenFishbowl.html), in
which they could conduct experiments on the topic of population genetics. In the virtual
experiment, participants could manipulate variables related to the population demographics
(e.g., population size, male-female ratio, mortality rate), evolutionary parameters (e.g.,
mutation and migration rate, genotype relative fitness), see Figure 6a. By manipulating
different variables, participants could investigate specific variables’ influence on the
population size, the allele proportions, and the genotype proportions. Participants could analyze

the data they collected in a table, a line graph, and a bar graph (see Figure 6b).

5.2.2 Instruction. Participants read a short text (1 page, 475 words, 1 picture) about
natural selection which briefly explained the concepts of genotype, phenotype, natural
selection, alleles, and relative genotype fitness. The instruction provided participants with the

prerequisite conceptual knowledge necessary to work with the virtual experiment. Since all
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students had covered population topics during their secondary education, this instruction

mainly served to re-activate their knowledge.

5.2.3 Inquiry Learning Task. Participants were asked to use the virtual experiment to
verify a statement made by a fictitious other person. The statement was “In dominant alleles,
the reduction in relative genotype fitness has no effect on the dominant genotype proportion
over time.” and it was incorrect. To provide minimal guidance and ensure that the students
would have an idea on how to get started with their exploration, they were given specific values
to use for genotype relative fitness (0.2, 0.5, and 1) and they were asked to collect data from
200 generations of fish reproduction because this is when the results of the virtual experiment
stabilized. Then, they had to interpret the genotype proportion of the dominant genotype (RR)
and compare the proportions for the three values of genotype relative fitness. Participants were
asked to reset the virtual experiment before conducting a new experiment. In this way, we again
provided limited guidance during the inquiry to not completely overwhelm the participants. At
the end of the task, participants wrote a short text, in which they explained whether the original

statement was correct, and they were asked to provide evidence supporting their conclusion.

Figure 6

PopGen Fishpond Virtual Experiment, with an Experimental Design Pane (a) and Data
Collection Pane (b)
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5.3 Measures

5.3.1 Domain-Specific Academic Self-Concept. Academic self-concept is important
for learning since it can affect achievement and interest (Moller et al., 2020; Trautwein &
Moller, 2016). Participants rated their domain-specific academic self-concept (6 items,
Cronbach’s o = .92; Grii}-Niehaus, 2010; Schanze, 2002) on a Likert scale ranging from 1 (/
do not agree at all) to 4 (I completely agree). The items of the scale were adapted to the domain

of biology. An example item of the scale is ‘I quickly learn new material in biology’.

5.3.2 Domain-Specific Interest. Interest is an important factor for learning and
motivation since both children and adults who are interested in a certain activity pay more
attention to the activity and they are more persistent and engaged (Hidi, 2001). Domain-specific
interest was assessed using a 5-item scale (Cronbach’s a = .92; Wilde et al., 2009) which we
adapted to the domain of biology. Participants rated their interest in biology on a Likert scale
ranging from 1 (/ do not agree at all) to 4 (I completely agree). An example item of the interest

scale is ‘I am interested in learning something new in biology’.

5.3.3 Conceptual Prerequisite Knowledge. To assess conceptual prerequisite
knowledge in genetics (e.g., “How do geneticists represent two recessive alleles?”), we
developed four multiple-choice items (Cronbach’s .= .63). Due to the low internal consistency

of the scale, it was omitted from further analyses.
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5.3.4 Scientific Reasoning Ability. Scientific reasoning ability was assessed using six
items in the pre-test (Cronbach’s o =.08) and 11 different items in the post-test (Cronbach’s a
= .57). Both tests combined items from the PISA released science items (OECD, 2015) and
items developed by Koenen (2014). Because of the low internal consistency of the scales, they

were omitted from further analyses.

5.3.5 Scientific Reasoning and Self-Regulation Processes. Think aloud protocols and
screen captures were used to obtain the processes of scientific reasoning and self-regulation.
Descriptions and examples of the major and sub-categories are provided in Table 5. The coding
scheme for scientific reasoning processes was based on the scientific reasoning framework
proposed by Fischer et al. (2014). The coding scheme focused on the following epistemic
activities: problem identification, hypothesis generation, evidence generation, evidence
evaluation, drawing conclusions. We focused our analysis on these epistemic activities, as they
could be observed during computer-based inquiry learning. We coded self-regulation processes
from the think aloud protocols and we focused on the processes of planning, monitoring, and
control. From the think aloud protocols, we additionally coded participants’ use of generic
cognitive strategies, namely activation of prior knowledge and self-explanation, as these

strategies are relevant to learning in general.

We used Mangold INTERACT® (Mangold International GmbH, Arnstorf, Germany;
version 9.0.7) software to simultaneously code the screen captures (video) and the think aloud
protocols (audio). Initial coding of 20% of the data yielded insufficient inter-rater reliability;
therefore, the two raters discussed their disagreements and coded an additional 20% of the data.
We used benchmarks for interpretation indicating substantial agreement for kappa values
between .61 and .80, and perfect agreement for values between .81 and 1.00 (Landis & Koch,
1977). On average, the inter-rater reliability was high (kx = .84) and specifically, inter-rater
reliability was perfect for scientific reasoning processes (k = .86), and for cognitive and
metacognitive processes (k = .81). After resolving all disagreements on the double-coded data,

one of the raters coded the remaining data.

5.3.6 Argumentation Quality. To measure the argumentation quality of students’
answers, we adapted the scoring rubric from McNeill et al. (2006) to the context of our study,
see Table 6. The original scoring rubric had three components (claim, evidence, reasoning) and
each component was given a score between 0-2. Two raters independently scored 20% of the

data (n = 6). First, the quality of the claim (k = .77; percent agreement = 88.3), the evidence (k

67



STUDY 2

=.74; percent agreement = 88.3), and the reasoning (k = .54; percent agreement = 66.7) of each
answer were scored, adding up to a maximum score of 6. After resolving disagreements, one

of the raters coded the remaining answers.

5.4 Procedure

Data were collected in individual self-paced sessions lasting 1 hour, in which participants were
seated in front of a laptop in a quiet room. At the beginning of the session, participants were
informed about the purpose of the study. We obtained written informed consent for the use of
voice recording and participation in the study from all participants. The study was computer-
based, and all learning materials were embedded in the online inquiry learning space Graasp

(http://graasp.eu).

First, participants completed the pretest in Qualtrics (Qualtrics, Provo, UT), and then
they started working in the online inquiry learning space. On the first page in Graasp,
participants received general information about the experiment, instructions, and two exercises
to practice thinking aloud. In the first think aloud exercise, participants were asked to multiply
24 by 36 and verbalize their thoughts during the multiplication. In the second exercise, they
were asked to answer the following question: “Your sister's husband's son is your children's
cousin. How is he related to your brother?’ and verbalize their thoughts. On the next page in
Graasp, participants were provided with background information about natural selection and
genetics. Participants then watched a short video tutorial (1 min 45 s) which explained the

functions and the interface of the virtual experiment.

Subsequently, participants started solving the inquiry task using the virtual experiment
during which they were asked to think aloud. To correctly solve the task, participants had to
conduct three experiments, in which they had to vary the value for the genotype relative fitness
of the dominant allele in each experiment. At the end of the inquiry task, participants answered
the original research question and wrote down a short text from which we coded argumentation
quality. We recorded screen captures of participants’ interaction with the virtual experiment
using Camtasia Studio 8 to analyze process measures of scientific reasoning. Camtasia Studio
also simultaneously recorded the audio from the think aloud protocols. Last, participants

completed the post-test in Qualtrics.

5.5 Data Analysis

To model the temporal co-occurrences between the processes of self-regulation, scientific
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reasoning, and generic cognitive strategies in relation to argumentation quality, we used ENA
(Shaffer, 2017; Shaffer et al., 2016; Shaffer & Ruis, 2017). ENA can identify associations
between codes or variables (e.g., scientific reasoning and self-regulation processes) by
quantifying their co-occurrence within a conversation (Shaffer et al., 2016). In epistemic
network analysis, a conversation is defined as “a set of lines of data that can be related to one
another” (Shaffer, 2017, p. 152). By modeling the connections between codes, ENA produces
a set of graphs that capture their relationship: 1) a plotted point, which shows the location of a

specific unit’s network, and 2) a weighted network graph.
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Table 5

Coding Scheme Used for Assessing Scientific Reasoning, Self-Regulation, and Generic Cognitive Strategies

Major category Sub-category Source Definition and example
Scientific Reasoning
Problem Identification TA Problem identification is concerned with analyzing the situation and building a problem
representation.
“I need to check what happens when I decrease the genotype fitness”
Hypothesis Generation TA Possible answers to the research question are identified and hypotheses are generated.
“So, I expect that increasing the genotype fitness will decrease the genotype proportion.”
Evidence Generation Collecting data using controlled experiments.
Establishing a baseline Video + TA Participant sets all values for genotype fitness to 0.5 or to another constant value.
Variable manipulation Video Participant uses CVS and manipulates the correct, incorrect, or irrelevant variable.
Value usage Video The participant uses the values 0.2, 0.5, 1 or other values.
Evidence Evaluation Video + TA The generated evidence is analyzed with regard to the original claim.
Graph evaluation Video + TA The participant interprets the correct or incorrect graph.
Variable evaluation Video + TA The participant interprets the correct or incorrect variable in the graph.
Interpretation Video + TA The interpretation of the graph is correct or incorrect.
Drawing Conclusions TA Weighing different pieces of evidence to come to a conclusion regarding the original claim.
“I think the original statement is incorrect.” (correct conclusion)
Self-Regulated Learning
Planning TA Specifying sequences of activities for achieving goals. “Now [ will set it [relative genotype fitness]
to 1 and see if I can notice any difference.”
Monitoring TA Being aware of own comprehension and task performance.
(positive, negative) “Now I understand how this works.” (positive monitoring)
“I don’t know how to conduct an experiment.” (negative monitoring)
Control TA Attempt to guide own cognition, behavior, attention, and motivation based on monitoring.
“That would now confirm the hypothesis, but I will continue experimenting.”
Generic Cognitive Strategies
Activation of Prior Knowledge TA Participant is referring to prior knowledge (from instruction, school, university).
“I read in the text that rr is the recessive allele.”
Self-explanation TA Participant is explaining what they are observing, and they are providing deeper elaborations.

>

“So, if I decrease the fitness, then the frequency also decreases..."

Note. TA = Think aloud, Video = Screen capture
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Table 6

Coding Scheme Used for Assessing Argumentation Quality

Level
Component 0 1 2
Claim
Criteria Does not make a claim or makes an inaccurate Makes an accurate but incomplete claim. Makes an accurate and complete claim.

Example from data

Evidence

Criteria

Example from data

Reasoning

Criteria

Example from data

claim.

“The statement is correct”, “True”, “Yes”, “Correct”

Does not provide evidence or only
provides inappropriate evidence.

“Reducing the genotype fitness doesn’t affect the
genotype proportion.” (no evidence)

Does not provide reasoning or only provides
reasoning that does not link evidence to the claim.

“The statement is wrong because all genotypes are 0
besides RR. Therefore, there is clearly an
influence.”

“True in the case that both alleles are [dominant]
but not when only one is dominant.”

Appropriate and insufficient or inappropriate
evidence.

“The dominant part is reduced.” (insufficient)

Repeats evidence that links it to the claim, uses
some scientific principles but insufficient.

“The lower the fitness, the faster the extinction.”

“The statement is not true ...”

Provides appropriate evidence and no inappropriate
evidence.

“...because the genotype proportion did change
over time by reducing the fitness.”

Accurate and complete reasoning that links
evidence to claim, mentions scientific principles.

“The lower the relative fitness, the lower the
genotype proportion.”

Note. Adapted from “Supporting Students’ Construction of Scientific Explanations by Fading Scaffolds in Instructional Materials” by K. L.
McNeill, D. J. Lizotte, J. Krajcik, and R.W. Marx, 2006, The Journal of the Learning Sciences, 15, p. 189. Copyright 2006 by Lawrence Erlbaum

Associates.
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Epistemic network analysis uses a moving stanza window to construct a network model
for each line of data, which shows how each code is connected to other codes temporally
(Siebert-Evenstone et al., 2017). Stanza is defined as “a set of lines in a single conversation
that are within the same relevant context, and therefore are related to one another” (Shaffer,
2017, p. 154). A moving stanza window is a fixed number of lines that are used to analyze the
recent temporal context of a code with a fixed number of codes preceding it. The window is
“moving” since a summary value is computed for each code, based on the previous codes,
instead of using a summary value for all codes during an activity (Siebert-Evenstone et al.,
2017). This allows us to model not only direct connections between processes but also

relationships between preceding or following processes.

The associations between codes are derived based on their co-occurrences within
stanzas. Then, using a binary summation, networks are aggregated where each line reflects the
presence or absence of the co-occurrence of each pair of codes. To account for the fact that
different units of analysis (participants) have different amounts of codes, the networks were
normalized before they were subjected to a dimensional reduction, which accounts for the fact
that different units of analysis may have different amounts of coded lines in the data. For
dimensional reduction, epistemic network analysis uses singular-value decomposition (svd),
which produces orthogonal dimensions that maximize the variance explained by each

dimension (Shaffer et al., 2016).

The nodes in the network graph are fixed and their position is determined by an
optimization routing that minimizes the difference between the plotted points and their
corresponding network centroids. The centroid is the mean position of all points in the network
in all coordinate directions. In this way, ENA is useful for comparing units of analysis (e.g.,
participants in different groups) by looking at their position in the plotted point, their individual
networks, and the weighted networks. Furthermore, networks can be compared using network
difference graphs by subtracting the weights of each connection from one network to the
corresponding connection of the other network. The validity of the resulting networks can be
assessed using the strength of correlation between the centroids and the projected points in the
model using Spearman’s rho and Pearson’s r, which determine the model fit (Shaffer et al.,
2016). The reliability of the model can be assessed by going back to the original data to
determine whether the relationships obtained in the ENA are reflected in the original data

(closing the interpretative loop; Shaffer, 2017). This can be easily done in ENA since we can
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click on a specific relationship and obtain the portions of the dataset responsible for the

relationship.

In this study, we used the ENA Web Tool (version 1.6.0) (Marquart et al., 2018) to
compare the networks of participants with low argumentation quality and high argumentation
quality. We defined the units of analysis as all lines of data associated with a specific value for
argumentation (0 = low argumentation quality, 1 = high argumentation quality) and subsetted
it by participant. To illustrate, one unit consisted of all the codes for a participant who belonged
to the high argumentation quality group. Because we used data from one short inquiry task, we
defined conversation as all lines of codes from the task. We used a stanza window of 3 lines,
meaning that we modeled the co-occurrence of a specific code with the two codes preceding
it. Our model included the following codes: problem identification (correct) hypothesis
generation (correct and incorrect), evidence generation (correct and incorrect), evidence
evaluation (correct and incorrect), drawing conclusions (correct and incorrect), control,
monitoring (positive and negative), activation of prior knowledge and self-explanations
(correct and incorrect). Problem identification (incorrect) and planning were not connected to

other codes and were excluded from the analysis.

6. Results

On average, participants in our sample had a mean domain-specific academic self-concept of

2.36 (SD = 0.59) and domain-specific interest of 2.55 (SD = 0.67) from a maximum of 4.

6.1 Epistemic Network Analysis (ENA)

ENA allows for statistical comparison between networks of students in different groups, or
between individual students. ENA creates several graphs — an individual plotted point graph,
group networks graph, and a network difference graph. The difference network (Figure 7)
shows qualitative differences between the networks, illustrated by stronger or weaker
connections between codes in different groups. The size of the node indicates the importance
of each node for the groups (i.e., larger nodes are more important). The thickness of the line is
an indicator of the proportion of stanzas in which the two codes co-occurred (Shaffer & Ruis,
2017). In other words, the thickness of the line connecting two nodes represents their frequency
of co-occurrence, with thicker lines portraying stronger frequency of co-occurrence. The

squares represent the centroids of each network and their confidence intervals. In our case, the
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red (left) square is the centroid of the low argumentation quality group, and the blue (right)

square is the centroid of the high argumentation quality group.

6.1.1 K-Means Cluster Analysis. We were interested in whether the temporal patterns
of co-occurrences between scientific reasoning, self-regulation, and generic cognitive
strategies differed between participants with high and low argumentation quality. To answer
this question using ENA, we created two groups based on their argumentation quality scores
using k-means cluster analysis (Everitt et al., 2011). We used participants’ scores for claim,
evidence, and reasoning (see Table 6) as input variables for the cluster separation. Because we
were interested in differences between high and low argumentation quality, we set the desired
cluster number to 2. This resulted in two groups — one group with high argumentation quality
(n = 15) and one group with low argumentation quality (n = 15). Descriptive statistics of both

groups are provided in Table 7.

Table 7

Mean Scores (and SDs) of the Two Groups Resulting From K-means Cluster Analysis (N =
30)

Argumentation quality

Low (n=15) High (n = 15)
Claim 0.13 (0.52) 1.13 (0.99)
Evidence 0.40 (0.51) 1.80 (0.41)
Reasoning 0.47 (0.52) 1.67 (0.49)

Note. Claim, evidence, and reasoning scores ranged between 0-2.

First, we correlated argumentation quality with the control variables (prerequisite
conceptual knowledge, domain-specific interest, and self-concept) to ensure that prior group
differences did not account for some of the variability in argumentation quality. We compared
the groups using Kendall’s Tau-b, which is the appropriate test for ordinal variables
(argumentation quality). The tests revealed no significant association between argumentation
quality and domain-specific academic self-concept, 1, = -.10, p = .54, which indicates no
differences in self-concept. Argumentation quality had a moderate negative association with
domain-specific interest (t, = -.32, p = .044), indicating that low argumentation quality was

associated with higher interest.
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6.1.2 Group Comparison. We compared the centroids of the two networks along the
X and Y axes. The first dimension of the rotation went through the means (i.e., means rotation)
to find the maximum difference between students who showed high and low argumentation
quality (Shaffer, 2017). Because we did a means rotation on X-axis, we forced the two groups
to have the same value (0) on the Y-axis. In this way, the variance on the X-axis is determined
by participants’ group membership (i.e., high or low argumentation quality). A Mann-Whitney
test showed that, along the X-axis (dimension 1 after means rotation), the centroid value of the
low argumentation quality group (Mdn = -0.28, n = 15) was significantly different from the
centroid value of the high argumentation quality group (Mdn = 0.19, n = 15), U = 34.00, p <
.001, d =1.96). This indicates that the two networks differed significantly from each other on
the X-axis, which explained 13.2% of the variance in the graph. The two groups did not differ
significantly on the Y-axis (U = 104.00, p = .74, d = 0.16), which is a result of the means
rotation. The Y-axis explained 24.8% of the variance in the graph. The model had good model
fit, indicated by the co-registration correlations between the centroids and the projected points

(dimension 1: = .91, rs = .90; dimension 2: r = .93, rs = .92).

Significant differences in centroids indicate that the mean networks of participants in
both groups are different. In turn, this implies that the structure of connections within the two
groups’ networks differ regarding the way that scientific reasoning and self-regulatory
processes co-occur. The subtracted network graph (Figure 7) illustrates the differences in
strength between individual connections in the two groups’ networks. Stronger co-occurrences
in the low and the high argumentation quality groups are depicted in red and blue lines,
respectively. The thickness of the lines indicates how often two codes were co-occurring and
thicker lines correspond to higher frequencies of co-occurrence. The high argumentation
quality group’s network (blue) is denser, which is illustrated by a higher number of connections
between codes, and more specifically between correctly engaging in various scientific
reasoning processes. In contrast, in the low argumentation quality group’s network (red), many
of the stronger connections were made between incorrect evidence generation and other

scientific reasoning processes (e.g., hypothesis generation).

On the left side of Figure 7, we observe several connections between incorrectly
generating evidence (EvidenceGenerationl) and correctly generating evidence
(EvidenceGenerationC) and incorrectly generating a hypothesis (HypothesisGenerationl), and

between incorrect hypothesis generation and correct self-explaining (SelfExplainingC). Since
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these connections co-occurred more frequently in the low argumentation group, they are
displayed in red. The position of the low argumentation quality group’s centroid to the left is

determined by these connections.
Figure 7

A Comparison Plot Showing Differences in the Epistemic Networks of the High Argumentation
Quality Group (blue, right) and the Low Argumentation Quality Group (red, left)
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the web version of this article.

On the right side of Figure 7, several blue connections can be observed. For example,
correct evidence generation (EvidenceGenerationC) and evaluation (EvidenceEvaluationC),
correct evidence generation and monitoring (MonitoringN), and correct evidence evaluation
and drawing conclusion (DrawingConclusionsC). This indicates that participants who showed
high argumentation quality were not performing scientific reasoning activities in isolation;
rather, these activities were performed more often together and correctly in comparison with
the low argumentation quality group. Moreover, we observe stronger co-occurrences between
monitoring and scientific reasoning processes. Next, we discuss the specific relationships we
found in the two groups, and we illustrate them using examples from the think aloud protocols

and the screen captures. In this way, we are going back to our original data to investigate
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whether our conclusions are grounded (Shaffer, 2017) and we attempt to bridge quantitative
and qualitative findings by providing narrative explanations of the connections observed in the

networks.

6.1.3 High Argumentation Quality Group. In the high argumentation quality group,
we observe more connections between scientific reasoning processes overall. Moreover, the
scientific reasoning activities were performed together more often correctly than in the low
argumentation quality group. For example, in this network, correct evidence generation
(EvidenceGenerationC) is strongly connected with correct evidence evaluation
(EvidenceEvaluationC) and drawing conclusions correctly (DrawingConclusionsC). To
illustrate, towards the end of their inquiry, one participant concluded (drawing conclusions
correctly) and then evaluated the evidence (correctly) by looking at the graphs in the
simulation. The participant said ‘It already appears that this statement is not correct. Within
the first two runs, the dominants were very different in their numbers. I will have another look
at the red fish. Now there are fewer white fish and more red fish, but the difference is not as
distinct as before.” In this example, we also observe that this participant was evaluating the

evidence from three different experiments while drawing their conclusions.

Monitoring (negative) was also more strongly connected with correct evidence
generation than in the low argumentation quality group. For example, one participant started
the task by manipulating the correct variable and use the control-of-variables strategy (correct
evidence generation). Then, she said ‘I'm really bad at biology.” (negative monitoring). She
continued to conduct the experiment correctly while monitoring (negative) ‘I am not really
sure if what I do is right.” At the end of the experiment she was also self-explaining while
looking at her results (evidence evaluation) ‘Alright, we are at 200 [generations] again. And
the value for the dominant genotype is 0.02. So, I don’t have to do the last experiment, because
the hypothesis is incorrect.’. Her epistemic network is shown in Figure 8 (right, blue), in
comparison with a participant from the low argumentation quality group (left, red). In Figure
8, we observe the connections that we described qualitatively — thick blue lines between

monitoring and evidence generation, and between self-explaining and evidence evaluation.

Furthermore, we observe stronger connections between correct self-explaining and
correct evidence evaluation. For example, while looking at the graph showing the result of his
experiment, the participant said ‘Now [ definitely see that something changes. Now it is making

sense. If the dominant [gene] is fitter than the other [gene], it should spread more easily. Now
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I see that all my fish are becoming red. So, I understand it now.’ This illustrates that this
participant was engaging in deeper processing of the evidence during evidence evaluation by
self-explaining his observations. Furthermore, we observe three instances of monitoring in this
short excerpt of the think aloud protocol — the participant is aware that he has understood the
concept and now “it makes sense”. To illustrate this finding further we provide example
networks from participants in this group together with their problem-solving behavior and think

aloud protocols.

Figure 8

The Subtracted Network of Two Exemplary Participants Who Showed High Argumentation
Quality (blue) and Low Argumentation Quality (red)
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the web version of this article.

The participant started the task by repeating the statement she was asked to test, and
she identified which are the dominant alleles. First, she set the value for genotype relative
fitness of the dominant allele to 0.2, as required by the task. She used the control of variables
strategy and manipulated only the correct variable, which are both indicators of correct
evidence generation. Then, she was collecting data and was monitoring (positive) her

understanding of the task: ‘Okay, I think I understand it now.” After collecting enough data,
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she saw that the fish with the dominant genotype had disappeared, which disconfirmed the
original statement. She expressed her surprise by saying ‘/Genotype] proportion is 0, huh?’
(correct evidence evaluation). Then, she went back to the virtual experiment and changed the
genotype relative fitness of the dominant allele to 0.5 and used the control of variables strategy
again (correct evidence generation). At the same time, she was monitoring again by asking
herself: ‘Does that work? Yes.’. She realized that she was still collecting data from her previous
experiment and asked the experimenter ‘Ahhm, do I have to restart again?’. She conducted
two experiments by setting the dominant genotype relative fitness to 0.5 and 1. Last, she
evaluated the evidence which showed that the genotype proportion of the dominant allele was
small in all the experiments she conducted. This disconfirmed the original statement and was

the correct conclusion.

She wrote the following answer at the end of the task: ‘Reduction of the relative fitness
of dominant alleles does, in fact, have an influence on their genotype [proportion]. The lower
the relative [genotype] fitness, the lower the genotype proportion.” This answer is an example
that received the maximum score (6) for argumentation. In the epistemic network of this
participant (Figure 9, right), we can see that monitoring was central to her problem-solving
process. In Figure 9, we see connections between monitoring (MonitoringP) and correct
evidence generation (EvidenceGenerationC) and correct evidence evaluation
(EvidenceEvaluationC). These connections were explained qualitatively, and they indicate that
metacognitive monitoring during performing scientific reasoning activities was associated with

high argumentation quality.

6.1.4 Low Argumentation Quality Group. In the low argumentation quality group,
there were fewer stronger connections between the codes overall. We observe that incorrect
evidence generation had the most connections to other processes. We observe also a strong
relationship between generating evidence correctly and incorrectly. When looking at the screen
captures, we can see that this connection is mainly due to violations of the control of variables
strategy. This 1is illustrated by participants first manipulating the correct variable
(EvidenceGenerationC), but then also manipulating irrelevant variables (EvidenceGenerationl)
immediately after, thereby violating the control of variables strategy. Most often, participants
were manipulating the genotype relative fitness for all genotypes at the same time, instead of

only manipulating the one for dominant genotypes.
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Figure 9

The Subtracted Network of Another Two Participants Who Showed High Argumentation
Quality (blue) and Low Argumentation Quality (red)
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In this group, we also found a stronger relationship between generating an incorrect
hypothesis and correctly self-explaining. To illustrate this relationship, we went back to the
screen captures and think aloud protocols and we provide narrative examples of the
participants’ problem-solving behavior. During the experiment, one participant stated an
incorrect hypothesis ‘Now the other two values should increase.” After observing that there
were only red fish left in the pond, the participant explained to herself that her hypothesis was
impossible by saying ‘Okay, of course the values can’t increase, when I already killed the other
two types. If there aren’t any [recessive genotypes], there can’t be new [recessive genotypes].’
Here we can see that self-explaining was beneficial to the problem-solving process and the

participant realized that their hypothesis was incorrect.

Last, we found a stronger relationship between incorrect hypothesis generation and
incorrect evidence generation. For example, one participant stated their hypothesis ‘I think this
[genotype relative fitness] really doesn’t have an effect.” Then, the participant manipulated the

genotype relative fitness for the wrong genotype (incorrect evidence generation). Only after
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collecting data for a couple of seconds, the participant concluded that ‘Yeah, I really think this
doesn’t have an effect.” This participant’s epistemic network is shown in Figure 8 (left, red). In
Figure 8, these relationships are presented on the left side — incorrect hypothesis generation
(HypothesisGenerationl) and incorrect evidence generation (EvidenceGenerationl). To
illustrate these findings further, we next discuss the problem-solving process of another
participant from the low argumentation group which further demonstrates the relationship
between correct and incorrect evidence generation and incorrect hypothesis generation and

incorrect evidence generation.

This participant started directly with changing variables regarding both recessive and
dominant genotypes. In particular, she changed two irrelevant variables (mutation rates) and
then she changed the values for genotype relative fitness for all three genotypes. She said
‘Okay, I will change the recessive and also the dominant.” (incorrect hypothesis generation).
One of the values she changed was for the dominant genotype, which was correct evidence
generation. However, she manipulated five variables at once, thereby violating the control of
variables strategy (incorrect evidence generation). Then, without going to the data pane and
collecting enough data, she interpreted the results by only looking at the color of the fish in the
pond. She manipulated another three irrelevant variables (initial population size, migration rate,
and initial allele proportion) and collected more data (incorrect evidence generation). She
concluded that ‘Okay, dominant are the red ones, nothing changes. They always remain the
same. The assumption seems to be correct.” Then she went back to the virtual experiment and
changed three more irrelevant variables again (mutation, migration, and migration allele
proportion) without using the control of variables strategy (incorrect evidence generation).
Without waiting to collect more data, she concluded ‘7 can now confirm that the assumption
seems to be correct.” Her conclusion was incorrect. Here we can observe that starting with an
incorrect hypothesis, namely that one must manipulate both recessive and dominant genotypes
resulted in incorrect evidence generation. Furthermore, this participant did not only manipulate
the variables from her hypotheses, but she manipulated many more variables, which were
irrelevant to the task at hand. This is an example of how performing scientific reasoning

processes incorrectly can influence the resulting argumentation quality.

She wrote down the following answer to the task: ‘Yes, the statement is true.’. This
answer is an example of low argumentation quality which received a score of 0. The participant

stated an incorrect claim, she did not provide any evidence to support that claim, nor used
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scientific principles to support her claim (reasoning). Her epistemic network is displayed in
Figure 9 on the left in red. As indicated by thick red lines in Figure 9, this participant engaged
only in the processes of incorrect hypothesis generation (HypothesisGenerationl) and evidence
generation (correct and incorrect) during the entire inquiry task. We can also see that there were
no connections to other scientific reasoning processes, self-regulation processes, or generic

cognitive strategies.

7. Discussion

In this study, we investigated how the processes of scientific reasoning and self-regulated
learning and the use of generic cognitive strategies impact argumentation quality. To obtain
the underlying reasoning and regulation processes, we collected fine-grained process data of
these processes using screen captures and think aloud protocols. We used ENA to model the
temporal associations between self-regulatory and scientific reasoning processes in students

showing high and low argumentation quality.

Students with high argumentation quality performed different scientific reasoning
processes more often together and correctly than students with low argumentation quality.
Moreover, students who had high argumentation quality were monitoring more often during
scientific reasoning than students with low argumentation quality. In particular, the stronger
connections between scientific reasoning and self-regulation processes in the high
argumentation quality group indicate that self-regulation processes were more important in that
group. In contrast, fewer processes were co-occurring in the low argumentation quality group
in general, and these were performed more often incorrectly than in the high argumentation

quality group.

7.1 Theoretical and Methodological Contributions

Previous research has emphasized the importance of self-regulation for successful inquiry
learning (see, Quintana et al., 2005; White et al., 2009). These studies have outlined that the
lack of self-regulation (e.g., monitoring, reflection) can be harmful to students’ inquiry learning
and scientific reasoning. This study contributes to understanding the relationship between
scientific reasoning and self-regulation in two ways. First, previous research has discussed the
role of self-regulation during inquiry at a theory level (e.g., Andersen & Garcia-Milla, 2017),

or has reported correlations between the quality of self-regulation skills and improvement of
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inquiry skills (e.g., Pedaste et al., 2012), or has focused on supporting self-regulation during
inquiry (e.g., Manlove et al., 2007; White & Frederiksen, 1998). Our findings corroborate and
extend previous research by providing a fine-grained investigation of the interaction between

these processes in real-time during inquiry.

Second, this study builds upon previous research findings (e.g., White et al., 2009) by
relating the conjoint use of scientific reasoning and self-regulation processes to argumentation
quality. Using ENA, we analyzed and demonstrated the temporal associations between
different scientific reasoning and self-regulation processes, which showed that students do not
perform these activities in isolation, for example, students generate and evaluate evidence at
the same time. Next, we statistically compared these patterns of association in students with
high and low argumentation quality. For example, students with high argumentation quality
were monitoring more often during evidence generation and evaluation in comparison with
students with low argumentation quality. Last, we combined quantitative and qualitative data
to demonstrate in which context self-regulation (e.g., monitoring) occurs spontaneously

together with scientific reasoning processes and how it relates to students’ argumentation.

Our findings corroborate previous research showing that the ability to self-regulate can
be helpful for complex learning outcomes like argumentation and scientific reasoning.
Engaging in metacognitive processes can improve both self-regulation abilities and scientific
reasoning (White et al., 2009). Furthermore, using process data of students’ scientific reasoning
activities, we could demonstrate that monitoring during scientific reasoning activities was
associated with high argumentation quality. Therefore, we could show that some students were
engaging in self-regulation processes during scientific reasoning activities, which was related
to high argumentation quality. Nevertheless, the frequency of spontaneous self-regulation was
small, which points toward the importance of integrating instruction of self-regulation with

instruction of scientific reasoning (White et al., 2009).

More frequent co-occurrences of different scientific reasoning processes were also
found in the high argumentation quality group. These findings indicate that scientific reasoning
processes did not occur in isolation from each other. Typically, scientific reasoning is seen as
a cycle (e.g., inquiry cycle) and often research stipulates that this is a simplistic view of
scientific reasoning, because scientific reasoning can begin at each step of the cycle (Hetmanek
et al., 2018; White et al., 2009). What our findings demonstrate is that, instead of proceeding

between different scientific reasoning steps sequentially during inquiry, students tend to
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perform different scientific reasoning activities conjointly in time. Therefore, we could reveal
reciprocal links between different scientific reasoning processes, for example, evaluating
evidence while drawing conclusions or generating evidence and evaluating it at the same time.
Performing these activities simultaneously (and correctly) was observed more frequently in

students with high argumentation quality.

Using advanced modeling methods allowed us to model how scientific reasoning and
self-regulation processes impact argumentation quality. Using ENA proved useful for
identifying emerging patterns of co-occurrence between different scientific reasoning
processes and between self-regulation and scientific reasoning. Therefore, considering the
temporal context of learning can reveal unique interactions between learning processes
(Shaffer, 2017). Using ENA, we created quantitative models of qualitative data and went back
to the specific think aloud transcripts to explain the meaning behind specific quantitative
connections. Furthermore, we modeled the interaction between scientific reasoning, self-
regulation, and generic cognitive strategies, such as self-explaining, and compared them in

groups showing high and low argumentation quality.

ENA reveals specific participants which are responsible for the relationships we find.
This allows us to go back to our original data and provide qualitative descriptions of the
quantitative relationships we obtained. In this way, we can examine the reliability of our
epistemic network models and inspect whether our findings are grounded in the original data
(Shaffer, 2017). For example, ENA showed a stronger relationship between generating an
incorrect hypothesis and correct self-explaining in the low argumentation quality group.
Supplementing ENA findings with excerpts from the think aloud transcripts showed that
correctly self-explaining after generating an incorrect hypothesis helped a student realize and
correct their incorrect assumption. On the one hand, this might indicate that the correct self-
explanations were tied to isolated facts that students knew, but they lack a comprehensive
mental model of all relations. On the other hand, participants could have only verbalized
information that they knew was correct but did not verbalize information they were unsure of.
Both explanations are in line with the knowledge in pieces framework (diSessa, 1988, 2019),
which postulates that deep knowledge consists of integrated pieces of knowledge in a mental
model, but often students lack this integrated model. This could explain why despite providing
correct self-explanations, participants did not integrate these pieces of knowledge in their final

argumentation. The influence of self-explaining during inquiry learning requires further study.
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ENA showed a strong co-occurrence of incorrectly and correctly generating evidence
in the low argumentation quality group. This relationship indicates a violation of the control-
of-variables strategy which also occurred more often in the low argumentation quality group.
If we look only at the frequencies of correctly and incorrectly generating evidence, we would
assume that the frequencies are unrelated. When we model their temporal association, we
observe that these two processes were co-occurring together often and are resulting from
control-of-variables strategy violations. Therefore, we argue that modeling the co-occurrences
between processes provides a more comprehensive picture of the interaction between self-

regulation and scientific reasoning in relation to argumentation quality.

7.2 Educational Implications

By taking a closer look at how university students approach inquiry learning using virtual
experiments, we observed that students are still struggling with using the control-of-variables
strategy. On one hand, this could result from a lack of scientific reasoning ability, indicating
that students are unaware that by manipulating several variables at once, their results are
confounded, and reliable conclusions cannot be drawn. On the other hand, virtual experiments
on complex topics like population genetics provide many possible parameters which can be
varied (see Figure 6a). This can result in students trying to “game the system” by manipulating
multiple parameters to quickly obtain what they perceive to be the desired result, without trying
to use the system for actual learning (Baker et al., 2008). Given another recent push to
incorporate inquiry learning in science education, we argue that it is important to make students
more aware of their actions during inquiry. We showed that when some students were self-
explaining or monitoring, they realized their mistakes and could correct themselves. Asking
students to self-explain their actions and reasoning during inquiry might alleviate the frequency
of random manipulation of parameters, simply because the option is available. Self-explaining
can potentially help students identify mismatches between their existing knowledge and their
findings during inquiry and correct misconceptions in their mental models (deLeeuw & Chi,
2003). Learning gains from self-explanations depend on their quality. High-quality self-
explanations that include generating inferences, integration, and deep processing (cf. principle-
based explanations; Renkl, 1997) are associated with higher learning gains (Roy & Chi, 2005).
Learners tend to struggle with providing high-quality explanations (Renkl, 1997; 2002) or they
provide incorrect self-explanations, which can result in incorrect knowledge. In future research,

the potential influence of self-explaining during inquiry should be investigated further.
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Our ENA findings provide several educational implications for scientific reasoning and
self-regulation instruction during inquiry learning. First, our findings showed that students
were engaging in different scientific reasoning processes simultaneously. This implies that
instruction on scientific reasoning should aim to foster the connection between different
scientific reasoning activities (e.g., generating evidence while also evaluating evidence).
Second, we provided insight into the importance of self-regulation during scientific reasoning
activities for argumentation quality, which showed that students who were monitoring while
performing scientific reasoning activities had better argumentation quality. Furthermore, not
all students were self-regulating spontaneously, which indicates that they need self-regulation
support during inquiry learning. Therefore, designing support measures that integrate
instruction on self-regulation and scientific reasoning might prove to be beneficial for

enhancing students’ scientific reasoning and argumentation.

One effective method for enhancing scientific reasoning is providing instruction in the
form of video modeling examples, which explain to students how to perform scientific
reasoning activities correctly (Kant et al., 2017; Mulder et al., 2014). Furthermore, we argue
that instruction on scientific reasoning should be integrated with instruction on self-regulated
learning (planning, monitoring, reflecting). Video modeling instruction can be combined with
narrative explanations, which demonstrate self-regulation during scientific reasoning. For
example, metacognitive monitoring can be demonstrated by showing and correcting errors
during inquiry. Furthermore, teaching students to plan their experiments at the beginning of the
inquiry session could reduce “gaming the system” behaviors and help students design their
experiments correctly. Instructing or prompting students to monitor their actions and their
learning during the inquiry learning task could help them to become aware of performing
scientific reasoning incorrectly and correcting their approach. Designing adaptive support
tools, which remind students to connect different scientific reasoning processes, based on their
actions in a virtual experiment, might be also beneficial for improving scientific reasoning.
Future research needs to investigate the effects of different interventions (such as video
modeling examples and self-regulation instruction) on improving scientific reasoning and

argumentation.

7.3 Limitations

The main limitation of this study is the use of only one virtual experiment to study scientific

reasoning, which limits the generalizability of the findings. We decided to use virtual
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experiments since they allow us to precisely trace and analyze fine-grained process data of
scientific reasoning. We used a virtual experiment on the topic of genetics, which is
representative of biology, and it allowed us to explore students reasoning on a topic that is a
part of the biology curriculum. Nevertheless, a replication of these findings using a virtual
experiment from a different topic in biology or a different domain (e.g., physics) would greatly
improve the validity of our findings. Furthermore, studying scientific reasoning processes using
virtual experiments allowed us to mainly investigate the processes of evidence generation and
evidence evaluation, as indicated by higher frequencies of these processes in our data. Our task
asked students to perform experiments to validate a hypothesis, which required them to mainly
engage in evidence generation, evidence evaluation, and drawing conclusions. To further
establish the validity of our findings, more research using tasks that evoke other scientific
reasoning processes is needed. For example, asking students to identify the problem and
generate a hypothesis by themselves before conducting experiments would allow for a more

complete investigation of scientific reasoning processes.

Another limitation of this study was using a university sample to investigate the
processes of self-regulation and scientific reasoning. However, we argue that it is important to
investigate university students’ scientific reasoning, as adults are still struggling with scientific
reasoning (e.g., Smith & Wenk, 2006). Still, a replication of these findings with secondary
school students would substantiate the validity of our findings. Furthermore, a comparison
between the epistemic networks of university students and secondary school students would
provide interesting additional evidence about the development of scientific reasoning. These

are all questions that we are addressing in future research.

One limitation of our conceptualization of argumentation quality is that we did not
consider rebuttals in our coding of argumentation. As a result, our definition of argumentation
quality did not capture all dimensions of argumentation quality. Arguments consisting of
multiple components are considered to be of higher quality (Osborne et al., 2004). Furthermore,

there is no consensus in the field of argumentation on how to best define argumentation quality.

Another limitation of our study is the use of think aloud protocols to measure self-
regulated learning. Previous research has shown that asking participants to think aloud might
lead to reactivity (e.g., Chung et al., 2002), while the opposite was found by others (Bannert &
Mengelkamp, 2008; Tarchi, 2021). Our findings that self-explaining helped some participants

realize that their hypothesis was incorrect could indicate potential reactivity caused by the think
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aloud method, or it could be the result of self-explaining itself. More research using different
methods of assessing self-regulation (e.g., behavioral measures) in relation to scientific

reasoning is needed.

Last, there were several issues with the internal consistency of the scientific reasoning
ability and prerequisite conceptual knowledge tests that we used. Consequently, we were not
able to reliably assess scientific reasoning ability and prerequisite conceptual knowledge.
However, we argue that looking at scientific reasoning processes might be an informative
alternative way of measuring students’ actual scientific reasoning abilities (Gobert et al., 2012).
Participants in the low argumentation quality had slightly higher domain-specific interest,
which was unexpected given the positive influence of interest on learning processes typically
found. However, due to the small sample size and the relatively high p-value, more research is
needed to replicate and explain this finding. Future research should investigate how actual
inquiry behavior is related to (reliable) scientific reasoning ability tests and how prerequisite
conceptual knowledge is associated with scientific reasoning processes. When investigating
the role of prerequisite knowledge in this context, it is important to also consider the influence
of the different aspects of prior knowledge, namely its accuracy, amount, specificity, and

coherence (McCarthy & McNamara, 2021).

8. Conclusion

The present study provided a first attempt to investigate how scientific reasoning and self-
regulatory processes impact argumentation quality. Our findings indicated that students who
showed high argumentation quality performed different scientific reasoning processes better
and they also made more connections between self-regulation and scientific reasoning.
Furthermore, we observed rare instances of spontaneous self-regulation processes. Monitoring
during scientific reasoning activities was more often present in participants who had high
argumentation quality. These findings offer educational implications for teaching scientific
reasoning. Instruction which integrates self-regulation and scientific reasoning would be

beneficial for improving inquiry learning.
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VIII. Study 3: Do Video Modeling and Metacognitive Prompts Improve
Self-Regulated Scientific Inquiry?

1. Abstract

Guided inquiry learning is an effective method for learning about scientific concepts. The
present study investigated the effects of combining video modeling (VM) examples and
metacognitive prompts on university students’ (N=127) scientific reasoning and self-
regulation during inquiry learning. We compared the effects of watching VM examples
combined with prompts (VMP) to watching VM examples only, and to unguided inquiry
(control) in a training and a transfer task. Dependent variables were scientific reasoning ability,
hypothesis and argumentation quality, and scientific reasoning and self-regulation processes.
Participants in the VMP and VM conditions had higher hypothesis and argumentation quality
in the training task and higher hypothesis quality in the transfer task compared to the control
group. There was no added benefit of the prompts. Screen captures and think aloud protocols
during the two tasks served to obtain insights into students’ scientific reasoning and self-
regulation processes. Epistemic network analysis (ENA) and process mining were used to
model the co-occurrence and sequences of these processes. The ENA identified stronger co-
occurrences between scientific reasoning and self-regulation processes in the two VM
conditions compared to the control condition. Process mining revealed that in the VM
conditions these processes occurred in unique sequences and that self-regulation processes had
many self-loops. Our findings show that video modeling examples are a promising instructional

method for supporting inquiry learning on both the process and the learning outcomes level.

Published as: Omarchevska, Y., Lachner, A., Richter, J., & Scheiter, K. (2022). Do video
modeling examples and metacognitive prompts improve self-regulated scientific inquiry?

Educational Psychology Review, https://doi.org/10.1007/s10648-021-09652-3
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2. Introduction

Improving scientific reasoning and argumentation is a central aim of science education
(Engelmann et al., 2016; OECD, 2013). Consequently, science education has moved toward
more inquiry-based learning approaches. Learning from inquiry can be more effective than
direct instruction when appropriately guided (Lazonder & Harmsen, 2016). Typically, students
use computer simulations to explore scientific concepts by testing hypotheses, conducting

experiments, and evaluating data.

Inquiry learning can improve scientific reasoning by having students “act like
scientists”, thereby improving their learning of the content and the corresponding scientific
processes (Abd-El-Khalick et al., 2004). However, students might struggle with inquiry
learning because they lack 1) scientific reasoning skills to conduct experiments or 2) self-
regulation abilities, which are particularly important for navigating through complex learning
environments like simulations. The present study tested the effectiveness of two types of
guidance — video modeling examples and metacognitive prompts. The video modeling
examples provided an integrated instruction of scientific reasoning and self-regulated learning.
The metacognitive prompts aimed to further ensure the use of self-regulation processes by
prompting students to monitor their scientific reasoning activities during inquiry. To our
knowledge, this is the first study to develop an intervention aimed at simultaneously fostering
scientific reasoning and self-regulation processes in an integrated way and test its effectiveness
both at the process and product level (i.e., hypothesis and argumentation quality). To show the
intervention’s effectiveness at the process level, we introduced two statistical methods to
analyze the conjoint and sequential use of both types of processes that so far have been used

only sparingly in educational research, namely, ENA and process mining.

3. Theoretical Framework

3.1 Scientific Reasoning and Argumentation

Scientific reasoning and argumentation skills are essential for comprehending and evaluating
scientific findings (Engelmann et al., 2016; Pedaste et al., 2015). These skills refer to
understanding how scientific knowledge is created, the scientific methods, and the validity of
scientific findings (Fischer et al., 2014). Scientific reasoning and argumentation are defined as
a set of eight epistemic activities, applicable across scientific domains (extending beyond the

natural sciences, see Renkl, 2018 for a similar discussion) — problem identification,
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questioning, hypothesis generation, construction and redesign of artefacts, evidence
generation, evidence evaluation, drawing conclusions, and communicating and scrutinizing
(Fischer et al., 2014; Hetmanek et al., 2018). During problem identification a problem
representation is built, followed by questioning, during which specific research questions are
identified. Hypothesis generation is concerned with formulating potential answers to the
research question, which are based on prior evidence and/or theoretical models. To test the
generated hypothesis, an artefact can be constructed and later revised based on the evidence.
Evidence is generated using controlled experiments, observations, or deductive reasoning to
test the hypothesis. An important strategy for correct evidence generation is the control-of-
variables strategy (CVS; Chen & Klahr, 1999), which postulates that only the variable of
interest should be manipulated, while all other variables are held constant. The generated
evidence is evaluated with respect to the original theory. Next, multiple pieces of evidence are

integrated to draw conclusions and revise the original claim.

Argumentation can be considered a consequence of scientific reasoning because the
generated evidence is used to draw conclusions about scientific issues (Engelmann et al., 2016).
We measured argumentation quality using the claim-evidence-reasoning (CER) framework
which breaks down argumentation into a claim, evidence, and reasoning (McNeill et al., 2006).
The claim answers the research question, the evidence is the data provided to support the claim,
and the reasoning is the justification why the evidence supports the claim. Last, findings are

scrutinized and communicated to a broader audience.

Students and adults often struggle with argumentation (Koslowski, 2012; Kuhn, 1991;
McNeill, 2011) and scientific reasoning (de Jong & van Joolingen, 1998). However, scientific
reasoning and argumentation can be improved with instruction and practice (Osborne et al.,

2004), for example, using inquiry learning.

3.2 Computer-Supported Inquiry Learning

Students can use online simulations to actively learn about scientific concepts and the inquiry
process (Zacharia et al., 2015). During inquiry, students apply some or all of the
aforementioned scientific reasoning processes (van Joolingen & Zacharia, 2009). Using online
simulations, students can conduct multiple experiments in a short amount of time and
investigate concepts which are otherwise difficult to explore (e.g., evolution). More
importantly, computer-supported inquiry learning environments provide unique opportunities

for learning, like multiple representations and non-linear presentation of information (de Jong,
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2006; Furtak et al., 2012).

Students’ active engagement during inquiry learning can pose cognitive and
metacognitive challenges for them (Azevedo, 2005; Scheiter & Gerjets, 2007). The (lack of)
understanding of the scientific phenomenon or insufficient inquiry skills (e.g., inability to
generate a testable hypothesis or designing an unconfounded experiment) can pose cognitive
challenges. Moreover, students can experience metacognitive challenges because they need to

self-regulate their inquiry process (Hadwin & Winne, 2001; Pintrich, 2000).

3.2.1 Self-Regulated Learning. The importance of metacognition (and self-regulation)
for successful scientific reasoning was stressed more than 20 years ago (White & Frederiksen,
1998; Schunk & Zimmerman, 1998). Self-regulated learning is an active, temporal, and
cyclical process (Zimmerman, 2013), during which learners set goals, monitor, regulate, and
control their cognition, motivation, and behavior to meet their goals (Boekaerts, 1999; Pintrich,
1999). Metacognition is the cognitive component of self-regulated learning (Zimmerman &
Moylan, 2009) and is predominantly concerned with monitoring and regulation of learning
(Nelson & Narens, 1990). Monitoring refers to students’ ability to accurately judge their own
learning. It provides the basis for regulation, that is, students’ selection and application of
learning strategies. Self-regulation is particularly important for successful inquiry learning
(Chin & Brown, 2000; Kuhn et al., 2000; Omarchevska et al., 2021; Reid et al., 2003; White
et al., 2009). For instance, students need to monitor whether they are manipulating the correct
variables or how much data they need before drawing a conclusion. According to a fine-grained
analysis of students’ self-regulation and scientific reasoning processes monitoring during
scientific reasoning activities was associated with higher argumentation quality (Omarchevska

etal., 2021).

Because of the fundamental importance of accurate monitoring, we assessed
metacognitive monitoring accuracy in relation to hypothesis and argumentation quality using
retrospective confidence judgements (Busey et al., 2000). Moreover, we assessed students’
academic self-concept and interest. Interest and academic self-concept are motivational factors
that can influence self-regulation (Hidi & Ainley, 2008; Ommundsen et al., 2005). Interest is a
psychological state with both affective and cognitive components that is also a predisposition
to re-engage with the content in the future (Hidi & Renninger, 2006). Interest is positively
associated with understanding, effort, perseverance (Hidi, 1990) and the maintenance of self-

regulation (e.g., goal setting, use of learning strategies; Renninger & Hidi, 2019). Academic
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self-concept is a person’s perceived ability in a domain (e.g., biology; Marsh & Martin, 2011)
which is positively related to effort (Huang, 2011), interest (Trautwein & Moller, 2016),
achievement (Marsh & Martin, 2011) and self-regulation strategies (Ommundsen et al., 2005).

Therefore, we controlled for students’ interest and academic self-concept.

3.2.2 Guidance during Computer-Supported Inquiry Learning. Guidance during
inquiry can support students’ learning both cognitively and metacognitively by tailoring the
learning experience to their needs during specific phases of inquiry (Quintana et al., 2004).
Guidance can be provided using process constraints, performance dashboards, prompts,
heuristics, scaffolds, or direct presentation of information (de Jong & Lazonder, 2014).
Furthermore, guidance should aim to also support self-regulated learning (Zacharia et al.,
2015), as self-regulation has been shown to be important to successful inquiry learning
(Omarchevska et al., 2021). Therefore, combining scientific reasoning and self-regulation
instruction might be beneficial for teaching scientific reasoning. However, only few studies
have invested whether supporting self-regulation during inquiry improves learning (Lai et al.,
2018; Manlove et al., 2007, 2009b). Last, more research on the effects of combining different
types of guidance is needed (Lazonder & Harmsen, 2016; Zacharia et al., 2015). Therefore, we
used video modeling examples to support scientific reasoning and self-regulation in an
integrated way; in addition, metacognitive prompts were implemented to further support

monitoring.

3.2.3 Video Modeling Examples. The rationale for using video modeling examples is
rooted in theories of example-based learning during which learners acquire new skills by seeing
examples of how to perform them correctly. Novice learners can benefit from studying a
detailed step-by-step solution to a task before attempting to solve a problem themselves (Renkl,
2014; van Gog & Rummel, 2010). Studying worked examples reduces unnecessary cognitive
load and frees up working memory resources so learners can build a problem-solving schema
(Cooper & Sweller, 1987; Renkl, 2014). Example-based learning has been studied from a
cognitive (cognitive load theory; Sweller et al., 2011) and from a social-cognitive perspective
(social learning theory; Bandura, 1986). From a cognitive perspective, most research has
focused on the effects of text-based worked examples, whereas social-cognitive studies have
focused on (video) modeling examples (cf. Hoogerheide et al., 2014). Video modeling
examples integrate features of worked examples and modeling examples (van Gog & Rummel,

2010) and they often include a screen recording of the model’s problem-solving behavior
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combined with verbal explanations of the problem-solving steps (McLaren et al., 2008; van

Gog, 2011; van Gog et al., 2009).

Video modeling examples can support inquiry and learning about scientific reasoning
principles (Kant et al., 2017; Mulder et al., 2014). Watching video modeling examples before
or instead of an inquiry task led to performing more controlled experiments, indicating that
students can learn an abstract concept like controlling variables (CVS) using video modeling
examples (Kant et al., 2017; Mulder et al., 2014). Outside the context of inquiry learning, using
video modeling examples to train self-regulation skills (self-assessment and task selection)
improved students’ learning outcomes in a similar task (Kostons et al., 2012; Raaijmakers et

al.,2018a, b) but this outcome did not transfer to a different domain (Raaijmakers et al., 2018a).

Nevertheless, most studies have focused on either supporting scientific reasoning (e.g.,
CVS, Kantetal.,2017; Mulder et al., 2014) or self-regulation during inquiry learning (Manlove
etal., 2007). Likewise, video modeling research has also focused on either supporting scientific
reasoning (Kant et al., 2017; Mulder et al., 2014) or self-regulation (Raaijmakers et al., 2018a,
b). However, these studies have investigated scientific reasoning and self-regulation separately,
whereas video modeling examples may be particularly suitable for integrating instruction of
both scientific reasoning and self-regulated learning. Scientific reasoning principles can be
easily demonstrated by showing how to conduct experiments correctly. Providing verbal
explanations of the model’s thought processes can be used to integrate self-regulated learning
principles into instruction on scientific reasoning. For example, explaining the importance of
planning for designing an experiment is one way to integrate these two constructs.
Metacognitive monitoring can be demonstrated by having the model make a mistake, detect it,
and then correct it (vicarious failure; Hartmann et al., 2020). In contrast to previous research
focused on task selection and self-assessment skills (Kostons et al., 2012; Raaijmakers et al.,
2018a, b), we investigated the effectiveness of video modeling examples for training and
transfer of other self-regulation skills — planning, monitoring, and control. Moreover, we
studied whether a video modeling intervention that integrates scientific reasoning and self-
regulation instruction will improve inquiry learning. To ensure that participants engaged with
the videos constructively (Chi & Wylie, 2014), we supplemented the video modeling examples
with knowledge integration principles which involve “a dynamic process of linking,

connecting, distinguishing, and structuring ideas about scientific phenomena” (Clark & Linn,
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2009, p. 139). To further support self-regulated learning, we tested the effectiveness of

combining video modeling examples with metacognitive prompts.

3.2.4 Metacognitive Prompting. Metacognitive prompts are instructional support
tools that guide students to reflect on their learning and focus their attention on their thoughts
and understanding (Lin, 2001). Prompting students to reflect on their learning can help activate
their metacognitive knowledge and skills, which should enhance learning and transfer
(Azevedo et al., 2016; Bannert et al., 2015). Metacognitive prompts support self-regulated
learning by reminding students to execute specific metacognitive activities like planning,
monitoring, evaluation, and goal specification (Bannert, 2009; Fyfe & Rittle-Johnson, 2016).
Metacognitive prompts are effective for supporting students’ self-regulation (Azevedo &
Hadwin, 2005; Dori et al., 2018) and hypothesis development (Kim & Pedersen, 2011) in

computer-supported learning environments.

Even though providing support for self-regulated learning improves learning and
academic performance on average (Belland et al., 2015; Zheng, 2016), some studies did not
find beneficial effects of metacognitive support on learning outcomes (Mieots et al., 2016;
Reid et al., 2017). To understand why, it is necessary to consider the learning processes of
students (Engelmann & Bannert, 2019). Process data could help determine whether students
engaged in the processes as intended by the intervention or identify students who failed to do
so. For instance, process data can provide further insights on the influence of prompts on the

learning process (Engelmann & Bannert, 2019; Sonnenberg & Bannert, 2015).

3.3 Modeling Learning Processes

In the following, we will introduce two highly suitable methods for studying the interaction
between scientific reasoning and self-regulation processes — epistemic network analysis
(Shaffer, 2017) and process mining (van der Aalst, 2016). These methods go beyond the
traditional coding-and-counting approaches by providing more insight into the co-occurrences

and sequences of learning processes.

3.3.1 Epistemic Network Analysis. Epistemic network analysis (ENA; Shaffer, 2017)
is a novel method for modeling the temporal associations between cognitive and metacognitive
processes during learning. In ENA “the structure of connections among cognitive elements is
more important than the mere presence or absence of these elements in isolation” (Shaffer et

al., 2016, p. 10). Therefore, it is essential to not only consider individual learning processes,
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but also preceding and following processes. ENA measures the structure and the strength of
connections between processes, based on their temporal co-occurrence, and visualizes them in
dynamic network models (Shaffer et al., 2016). The advantage of ENA is that the temporal
patterns of individual connections can be easily captured and compared between individuals.
In an exploratory think aloud study (Omarchevska et al., 2021), we found that students who
were monitoring during scientific reasoning activities achieved higher argumentation quality
than their peers who did not monitor using ENA. These findings demonstrated the added value
of studying the temporal interaction between scientific reasoning and self-regulation processes
and its effects on argumentation quality. The present study builds upon these findings by
studying the effects of an intervention on learning processes as revealed not only by ENA, but

also by process mining.

3.3.2 Process Mining. Process mining is a suitable method for modeling and
understanding self-regulation processes (Bannert et al., 2014; Engelmann & Bannert, 2019;
Roll & Winne, 2015). Process mining is a form of educational data mining, which uses event
data to discover process models. Process models reveal the sequences between learning events,
which provides insights into the sequential relationships between cognitive and metacognitive

processes (Engelmann & Bannert, 2019).

In educational research, process mining was used to discover different student profiles
and their learning processes in relation to their grades (Romero et al., 2010). Furthermore,
process mining provided additional insights into the sequential structure of self-regulated
learning processes (Bannert et al., 2014; Sonnenberg & Bannert, 2015, 2019). However,
process mining techniques have not been used to model the relationship between scientific
reasoning and self-regulated learning processes yet. Therefore, we used process mining to
identify sequential relationships between scientific reasoning and self-regulation processes and
combined it with ENA findings for a comprehensive analysis of the interaction between the

two processes as each method has its unique benefits.

Process mining does not provide a statistical comparison between different process
models, which is, however, offered within ENA. In contrast, ENA does not provide information
about the direction of the relationship and does not consider when the same process is
performed several times, whereas process mining provides information about the direction of

the path and information about self-loops. To our knowledge, this is the first study to combine
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both methods and to use them to test the effects of educational interventions at the process

level.

4. The Present Study

This study tested the effects of two types of guidance — video modeling examples and
metacognitive prompts — on scientific reasoning performance and self-regulation during
inquiry learning. Participants engaged in an inquiry training and transfer task using two
computer simulations. Screen captures and think aloud protocols were used to collect scientific
reasoning and self-regulation process data, respectively. Effects of the intervention were
expected to occur for 1) scientific reasoning ability as measured with a multiple-choice test, 2)
scientific reasoning and self-regulation processes, and 3) the product of scientific reasoning,
namely, the quality of the generated hypotheses and of the argumentation provided to justify
decisions regarding the hypotheses. We preregistered (https://aspredicted.org/vs43g.pdf) the

following research questions and hypotheses:

RQ1) Can video modeling and metacognitive prompts improve scientific reasoning

ability?

In line with Kant et al. (2017), we hypothesized that students in the two VM conditions would
have higher scientific reasoning posttest scores than the control group (H1a). Because of the
benefits of providing metacognitive support (Azevedo & Hadwin, 2005), we hypothesized that
the VMP condition would further outperform the VM condition (H1b).

RQ2) What are the immediate effects of video modeling and metacognitive prompts
while working on an inquiry training task at the product level (hypothesis and argumentation

quality) and process level (scientific reasoning and self-regulation)?

In line with Mulder et al. (2014), we hypothesized that students in the two VM conditions
would have higher hypothesis and argumentation quality (H2a) than the control group in the
training task. In line with Kim and Pedersen (2011), we hypothesized that the VMP condition
would further outperform the VM condition (H2b).

RQ3) Do the effects of video modeling and metacognitive prompts on scientific

reasoning products and processes transfer to a novel task?
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In line with van Gog and Rummel (2010), we hypothesized that students in the two VM
conditions would have higher hypothesis and argumentation quality (H3a) than the control
group in the transfer task. In line with Bannert et al. (2015), we hypothesized that the VMP

condition would outperform the VM condition (H3b).

Additionally, we explored the process models of participants’ scientific reasoning and
self-regulation processes in different conditions using ENA and process mining in the two
tasks. Moreover, we explored participants’ monitoring accuracy for hypothesis and

argumentation quality in both tasks.

5. Method

5.1 Participants and Design

Participants were 127 university students from Southern Germany (26 males, Mg = 24.3 years,
SD =4.81). Participants had an academic background in science (n = 40), humanities (n = 43),
law (n = 11), social science (n = 20), or other (n = 14). Participation in the experiment was
voluntary and informed consents were obtained from all participants. The study was approved
by the local ethics committee (2019/031). The experiment lasted 1 hour and 30 minutes and

participants received a monetary reward of 12 Euros.

The experiment had a one-factorial design with three levels and participants were
randomly placed in one of three conditions. In the first condition (VMP, n = 43), participants
watched video modeling examples (VM) before working with the virtual experiments and they
received metacognitive prompts (P) during the training phase (see Figure 10). In the second
condition (VM, n = 43), participants watched the same video modeling examples without
receiving metacognitive prompts during the training phase. In the third condition (control, n =
41), participants engaged in unguided inquiry task with the same virtual experiment that was
used in the video modeling examples; however, they received neither video modeling

instruction nor metacognitive prompts.

A priori power analysis using G*Power (Faul et al., 2007) determined the required
sample size to be 128 participants (Cohen’s f= 0.25, power = .80, a. = .05) for contrast analyses.
Effect size calculations were based on previous research using video modeling examples to
enhance scientific reasoning (Kant et al., 2017). Data from one participant were not recorded

due to technical issues, resulting in a sample size of 127.
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Figure 10

The Design and Procedure of the Experiment Divided in Three Phases and the Corresponding
Virtual Experiment Used in Each Phase
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5.2 Materials and Procedure

5.2.1 Phase 1 — Instruction. We first assessed demographic information, conceptual
knowledge, academic interest and self-concept (Figure 10). During the instruction, participants
either watched video modeling examples (intervention groups) or they engaged in an unguided
inquiry learning task using the simulation Archimedes’ Principle (control group, Figure 11). In
this simulation, a boat is floating in a tank of water. The boat’s dimensions and weight and the
liquid’s density can be varied. When the boat sinks, the displaced liquid overflows in a cylinder.
In this way, Archimedes’ principle, which states that the upward buoyant force that is exerted
on a body immersed in a fluid, is equal to the weight of the fluid that the body displaces, can

be investigated.

In the two video modeling conditions, participants watched 3 non-interactive videos
(each 3 minutes on average). The videos were screen captures recorded using Camtasia Studio

which showed a female model’s interactions with the simulation Archimedes’ principle. The
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model was thinking aloud and explaining the different steps of scientific reasoning, but she

was not visible in the videos.
Figure 11

The Archimedes’ Principle Simulation
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To engage participants with the videos, knowledge integration principles were used
(Clark & Linn, 2009). Before watching each video, participants’ ideas about the topic of each
video modeling example were elicited (e.g., “When conducting a scientific experiment, what
is important to keep in mind before you start collecting data?”’). After watching each video,
participants noted down the most important points and compared their first answer to what was

explained in the video, which engaged them in reflection (Davis, 2000).

In the first video, the model explained problem identification and hypothesis
generation. She explained how to formulate a research question and a testable hypothesis.

Then, she developed her own hypothesis, which she later tested.

In the second video, the model explained planning a scientific experiment and the
control of variables strategy (CVS). To demonstrate CVS, we used a coping model (van Gog
& Rummel, 2010), who initially made a mistake by manipulating an irrelevant variable, which
she then corrected, and explained that manipulating irrelevant variables can lead to confounded

results, thereby also demonstrating metacognitive monitoring.
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In the last video, evidence generation, evidence evaluation, and drawing conclusions
were modeled by conducting an experiment to test the hypothesis. Data were systematically
collected and presented in a graph. The model explained the importance of conducting multiple
experiments to not draw conclusions prematurely, which also modeled metacognitive

monitoring and control. Last, she evaluated the evidence and drew conclusions.

In the control condition, participants worked with the same virtual experiment used in
the videos without receiving guidance. They answered the same research question as the model
in the videos. To keep time on task similar between conditions, participants had 10 minutes to

work on the task.

5.2.2 Phase 2 — Training Task. Participants were first instructed to think aloud by
asking them to say everything that comes to their mind without worrying about the formulation.
Participants were given a short practice task (“Your sister's husband's son is your children’s
cousin. How is he related to your brother? Please say anything you think out loud as you get to
an answer.”). Participants watched a short video about photosynthesis, which served to re-
activate their conceptual knowledge. Then, they solved the training inquiry task using the
simulation Photosynthesis and an experimentation sheet. In Photosynthesis (see Figure 12), the
rates of photosynthesis (measured by oxygen production) are inferred by manipulating different

variables (e.g., light intensity).

Participants were asked to answer the following research question: “How does light
intensity influence oxygen production during photosynthesis?”. They wrote down their
hypothesis, collected data using the simulation and answered the research question on the
experimentation sheet. We asked participants to support their answers with evidence.
Hypothesis and argumentation quality were coded from these answers. Participants made
retrospective confidence judgments regarding their hypothesis (‘How confident are you that
you have a testable hypothesis?’) and their final answer (‘ How confident are you that you have

answered the research question correctly?’).

Participants in the VM and in the control condition solved the task using only the
Photosynthesis simulation and the worksheet. In the VMP condition, students additionally
received 3 metacognitive prompts (see Table 8), which asked them to monitor specific
scientific reasoning activities. Each prompt asked participants to rate their confidence on a

scale from 0 to 100. The first two prompts were presented as pop-up messages during the
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training task after 3 and 9 minutes, respectively. The third prompt was visible after participants

finished the training task and gave the option to go back and conduct more experiments.

Figure 12

The Photosynthesis Simulation
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Table 8

The Metacognitive Prompts Used in the Video Modeling and Prompting Condition.

Process Prompt
Evidence Generation How confident are you that you are manipulating the correct variable to
test your hypothesis?
Evidence Generation How confident are you that you have collected enough data to test your
hypothesis?
Evidence Evaluation How confident are you that you have interpreted your data correctly?

5.2.3 Phase 3 — Transfer Task. In the transfer task, all participants worked with the
Energy Conversion in a System (see Figure 13) simulation. First, participants read a short text
about the law of conservation of energy which provided them with the necessary conceptual
knowledge to use the simulation. In Energy Conversion in a System, participants could
manipulate the quantity and the initial temperature of water in a beaker. Water is heated using

a falling cylinder attached to a rotating propeller that stirs the water in a beaker. The mass and
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height of the cylinder could be adjusted. The change in the water’s temperature is measured

and energy is converted from one form to another.

Figure 13

The Energy Conversion in a System Simulation
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The transfer task had an identical structure to the training task and was delivered
through the experimentation sheet. Participants were asked to use the simulation to answer the
question “How does changing the waters’ initial temperature and the water’s mass affect the
change in temperature?”. Participants investigated the influence of two variables (water mass
and water temperature) and noted down their results in a table with four columns (water mass,
water initial temperature, water final temperature, change in temperature), which provided
further guidance. Retrospective confidence judgments were provided for the hypothesis and

the final answer. The task was the same in all conditions.

5.3 Measures

5.3.1 Conceptual Knowledge. Conceptual knowledge in photosynthesis (e.g., “What
is the function of the chloroplasts?”) and energy conversion (e.g., “The law of conservation of
energy states that...””) was assessed prior to the experiment using 5 multiple-choice items with
5 answer options for each topic. Each question had one correct answer and “I do not know”

was one of the answer options. Both scales had low internal consistency (photosynthesis,
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Cronbach’s a = .63; energy conversion, Cronbach’s a = .15), because they assessed prior
understanding of independent facets related to photosynthesis and energy conversion.
Therefore, computing internal consistency for such scales might not be appropriate (Stadler et

al., 2021).

5.3.2 Academic Self-Concept and Interest in Science. The academic self-concept
scale comprised 5 items rated on a Likert scale (Cronbach’s o = .93) ranging from 1 (/ do not
agree at all) to 4 (I completely agree) (GriiB-Niehaus, 2010; Schanze, 2002). An example item
of the scale is “I quickly learn new material in natural sciences.”. Likewise, interest in science
was assessed using a 5-item Likert scale (Cronbach’s o = .94) ranging from 1 (/ do not agree
at all) to 4 (I completely agree) (Wilde et al., 2009). An example item of the scale is “I am

interested in learning something new in natural sciences.”.

5.3.3 Scientific Reasoning Ability. Scientific reasoning ability was assessed using 12
items from a comprehensive instrument (Hartmann et al., 2015; Kriiger et al., 2020) that
assessed the skills research question formulation (4 items), hypothesis generation (4 items),
and experimental design (4 items). For each skill, we chose easy, medium, and difficult
questions, based on data obtained by the authors of the instrument. Since the test was originally
developed for pre-service science teachers, we chose items that did not rely on prior content
knowledge. The questions matched the domains of the inquiry tasks (biology, physics). The
scale had low internal consistency (Cronbach’s o =.31), most likely because the test assessed

three independent skills (cf. Stadler et al., 2021).
5.3.4 Scientific Reasoning Products.

5.3.4.1 Hypothesis Quality. To assess hypothesis quality, we developed a coding
scheme which scored participants’ hypotheses based on their testability (0-2) and correctness
(0-2), adding up to a maximum score of 4, see Table 9. Due to the complexity of the coding
scheme, we used consensus ratings (Bradley et al., 2007) for the scoring (initial inter-rater
agreement: Krippendorff’s o = .65). Two raters independently scored all hypotheses (N = 127)

and then discussed all disagreements until a consensus was reached.

5.3.4.2 Argumentation Quality. Argumentation quality was assessed by coding
participants’ answers to the research questions. The quality of the claim, the evidence, and the
reasoning were scored between 0 and 2, adding up to a maximum score of 6 (McNeill et al.,

2006), see Table 10. We adapted the coding scheme from McNeill et al. (2006) to the context
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of our study. Participants were given an extra point when they evaluated their hypothesis in
their final answer. Again, we used consensus ratings (initial agreement: Krippendorft’s a.=.67)

for the scoring.

5.3.5 Scientific Reasoning and Self-Regulation Processes. We used screen captures
and think aloud protocols to assess scientific reasoning and self-regulation processes, which
were coded using Mangold INTERACT® (Mangold International GmbH, Arnstorf, Germany;
version 9.0.7). Using INTERACT, the audio (think aloud) and video (screen captures) can be
coded simultaneously. First, two experienced raters independently coded 20% of the videos (n
= 25) and reached perfect agreement (x = 1.00); therefore, each rater coded half of the
remaining videos. Due to technical issues with the audio recording, the process data analysis

was conducted on a smaller sample (N = 88, nymp = 29, nvm = 37, neontrol = 22).

The raters used the coding scheme in Table 11, which was previously used by
Omarchevska et al. (2021) to code scientific reasoning, self-regulation, and the use of cognitive
strategies. Scientific reasoning processes were coded from both data sources, whereas self-
regulation processes and use of cognitive strategies were coded from the think aloud protocols
only. Regarding scientific reasoning, we focused on the epistemic activities problem
identification, hypothesis generation, evidence generation, evidence evaluation, drawing
conclusions (Fischer et al., 2014). As measures of self-regulation, we coded the processes of
planning (goal setting), monitoring (goal progress, information relevance), and control. We
coded the use of cognitive strategies, namely, activation of prior knowledge and self-

explaining.

5.3.6 Monitoring Accuracy. Monitoring accuracy was measured by calculating bias
scores, based on the match between the confidence judgements scores and the corresponding
performance scores for hypothesis and argumentation quality (4 monitoring accuracy scores
per participant). Since confidence judgements scores ranged from 0 to 100 and hypothesis and
argumentation quality scores ranged from 0 to 6, they were rescaled to range between 0-100.
Monitoring accuracy was computed by subtracting the hypothesis and argumentation quality
scores from the confidence judgment scores (Baars et al., 2014). Positive scores indicate
overestimation, negative scores indicate underestimation, and scores close to zero indicate

accurate monitoring (Baars et al., 2014).
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5.4 Data Analyses

To test our preregistered hypotheses, we used contrast analyses: Contrast 1 (0.5, 0.5, -1)
compared the VMP and the VM conditions to the control condition and Contrast 2 (1, -1, 0)
compared the VMP and the VM conditions to each other. We applied the Bonferroni correction
for multiple tests which resulted in o = .025 for all contrast analyses. Benchmarks for effect
sizes were: > = .01, .06, .14 and d = 0.20, 0.50, 0.80 for small, medium, and large effects,

respectively.

We first compared the groups in the scientific reasoning ability posttest using contrast
analysis (Hla, H1b) with scientific reasoning ability pretest as a covariate. We then applied
contrast analyses to compare hypothesis and argumentation quality in the training (H2a, H2b)
and the transfer task (H3a, H3b). We explored monitoring accuracy in the two tasks using one-
way ANOVAs. To explore the training and transfer effects on the process level, we used ENA

and process mining.

5.4.1 Epistemic Network Analysis. ENA is a modeling tool which quantifies the
strength of co-occurrence between codes within a conversation (Shaffer, 2017). A conversation
is defined as a set of lines which are related to each other. ENA quantifies the co-occurrences
between different codes in a conversation and visualizes them in network graphs. Hence, the
strength of the co-occurrences can be visually and statistically compared between groups. Since
the number of codes may vary, the networks are first normalized before they are subjected to a
dimensional reduction. ENA uses singular-value decomposition to perform dimensional
reduction, which produces orthogonal dimensions that maximize the variance explained by
each dimension (Shaffer et al., 2016). The position of the networks’ centroids, which
correspond to the mean position of all points in the network, can be compared. The strength of
individual connections can be compared using network difference graphs, which subtract the

corresponding connection weights in different networks.
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Table 9

Coding Scheme Used for Assessing Hypothesis Quality

Level
Component 0 1 2
Testability
Criteria The hypothesis is not testable, it is The hypothesis is partially testable. The hypothesis is formulated in a way

Example from data

Correctness

Criteria

Example from data

stated as a question, it does not make

a prediction. The dependent or
independent  variables are not
specified.

Under what conditions does the plant
produce its maximum amount of
oxygen?

The hypothesis is incorrect or not
stated at all.

Plants need light for photosynthesis.

The dependent and independent
variables are stated but the direction
of the relationship is not specified.

Light intensity influences oxygen
production during photosynthesis.

The hypothesis is partially correct
(one variable is correct, the other is
incorrect or irrelevant).

Temperature has an effect on oxygen
production. (irrelevant variable)

that can be tested. Dependent and
independent variables are specified.
If-then statements are used, and the
relationship is specified.

When I increase the light intensity
then oxygen production will increase
as well.

The hypothesis is correct.

The higher the light intensity, the
higher the oxygen production during

photosynthesis.

Note. The examples given in the table are taken from the training task. The same coding scheme was applied for the transfer task.
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Table 10

Coding Scheme Used for Assessing Argumentation Quality

Level
Component 0 1 2
Claim
Criteria Does not make a claim or makes an Makes an accurate but incomplete claim. Makes an accurate and complete claim.

Example from data

Evidence
Criteria

Example from data

Reasoning
Criteria

Example from data

inaccurate claim.

The example shows that a lot of oxygen was
produced at full light intensity (100%).
(inaccurate claim)

Does not provide evidence or only provides
inappropriate evidence.

As light intensity increases, oxygen
production increases up to a certain point.
(vague evidence)

Does not provide reasoning or only
provides reasoning that does not link
evidence to the claim.

The initial temperature has an influence on
the temperature at the end of the water and
on the mass.

Includes irrelevant variables.
Depending on the temperature, the curve of
oxygen production runs longer or shorter
linearly before it stagnates. (irrelevant
variable: temperature)

insufficient

Appropriate and or

inappropriate evidence.

oxygen production increases when certain
temperature (perfect 24-28), right light
intensity (50-60%), quite high CO; level
(from 420 ppm) (appropriate and
inappropriate evidence)

Repeats evidence that links it to the claim,
uses some scientific principles but
insufficient.

With a light intensity of 60% we have a
maximum O production.

If the light intensity is increased above
40%, the oxygen production remains
unchanged at 30 mL/h.

Provides appropriate evidence and no
inappropriate evidence.

The light intensity influences the oxygen
flow linearly up to a value of 37% under
constant conditions.

Accurate and complete reasoning that links
evidence to claim, mentions scientific
principles.

The greater the mass of the water that is to
be heated, the lower is the temperature
increase, since the height energy, which is
converted into heat, remains the same, but
is distributed over more water molecules.
This happens independently of the initial
temperature.
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Table 11

Coding Scheme Used for Assessing Scientific Reasoning, Self-Regulation, and Cognitive Strategies Processes

Major category Source Definition or example from data
Scientific Reasoning
Problem Identification TA “I need to investigate how temperature influences O> production.”
Hypothesis Generation TA “If I increase light intensity, then oxygen production will increase.”
Evidence Generation Video Participant manipulates the correct, incorrect, or irrelevant variable, use of CVS.
Evidence Evaluation Video + TA “From 45% onwards the curve isn‘t rising anymore.”
Drawing Conclusions Video + TA “This is only true up until a light intensity of 40%.”
Self-Regulated Learning
Planning TA “First, I will increase light intensity.”
Goal setting TA “I will set the light intensity to 0% and increase it gradually by 10%.”
Monitoring TA “Now I understand it.”
Goal progress TA “Okay... I do not know yet about the CO; level.”
Information Relevance TA “The temperature and the CO: level should remain constant.”
Control TA “Now I will try and keep the temperature constant while increasing the mass.”
Cognitive Strategies
Activation of Prior Knowledge TA “I have to remember the video that was presented to me earlier.”
Self-explanation TA “Which means that the initial temperature does not have any impact.”

Note. TA = Think aloud, Video = Screen capture. The examples are from the training and the transfer tasks.
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5.4.2 Process Mining. We used process mining to model the sequences of scientific
reasoning and self-regulation processes in different conditions. We used the HeuristicsMiner
algorithm (Weijters et al., 2006), to mine the sequence in which participants engaged in these
processes during the training and the transfer tasks, which was implemented in the ProM
framework version 5.2 (Verbeek et al., 2010). The HeuristicsMiner algorithm is well suited for
educational data mining, because it deals well with noise and presents the most frequent
behavior found in an event log without focusing on specifics and exceptions (i.e., low frequent
behavior) (Weijters et al., 2006). The dependencies among the processes in an event log are

represented in a heuristic net.

The heuristic net indicates the dependency and frequency of a relationship between two
events (Weijters et al., 2006). In the heuristic net, the boxes represent the processes and the
arcs connecting them represent the dependency between them. Dependency (0-1) represents
the certainty between two events, with values closer to 1 indicating stronger dependency. The
frequency reflects how often a transition between two events occurred. The dependency is
shown on the top, whereas the frequency is shown below it on each arrow. An arc is pointing
back to the same box indicates a self-loop, showing that a process was observed multiple times
in a row (Sonnenberg & Bannert, 2015). To ease generalizability to other studies using the
HeuristicMiner (e.g., Engelmann & Bannert, 2019; Sonnenberg & Bannert, 2015), we kept the
recommended default threshold values, namely, dependency threshold = 0.90, relative-to-best-
threshold = 0.05, positive observations threshold = 10. The dependency threshold determines
the threshold for including dependency relations in the output model, the positive observations
threshold determines the minimum observed sequences required to be included in the output
model (Sonnenberg & Bannert, 2015; Weijters et al., 2006). For a detailed description of the
HeuristicsMiner, the reader is referred to Weijters et al. (2006) and Sonnenberg and Bannert

(2015). We used the same process data and exclusion criteria as in the ENA.

6. Results

6.1 Control Variables

A MANOVA with the control variables (conceptual knowledge, interest, academic self-
concept) revealed no differences between conditions, F' < 1, see Table 12 for descriptive

statistics.
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6.2 Scientific Reasoning Ability

A contrast analysis with scientific reasoning ability (pretest) as a covariate revealed no group

differences in the posttest scores (Contrast 1, B =0.04, p = .57, d = 0.22; Contrast 2, f =-0.02,

p=.76,d=0. Thus, there was no support for Hla and H1b>.

Table 12

Descriptive Statistics (and SDs) for the Control and Dependent Variables, and Monitoring

Accuracy (Bias)
Variable VMP VM Control
(n=43) (n=43) (n=41)
Conceptual knowledge training task (0 — 5) 3.90 (1.41) 3.84 (1.27) 4.10 (1.09)
Conceptual knowledge transfer task (0 — 5) 1.07 (0.80) 1.19 (0.79) 1.24 (0.70)
Academic self-concept in science (1 —4) 1.34 (0.76) 1.20 (0.78) 1.32 (0.81)
Interest in science (1 — 4) 1.92 (0.87) 1.68 (0.80) 1.85(0.82)
Scientific reasoning ability pretest (0 — 12) 5.41 (2.03) 5.30 (1.75) 5.17 (1.94)
Scientific reasoning ability post-test (0 — 12) 5.32(2.19) 5.33 (1.76) 5.02 (2.19)
Hypothesis quality training task (0 —4) 3.28 (1.33) 3.30(1.05) 2.29 (1.54)
Argumentation quality training task (0 — 6) 3.72 (2.05) 3.70 (1.93) 2.51 (1.78)
Hypothesis quality transfer task (0 — 4) 1.98 (1.21) 2.10 (1.26) 1.33 (1.20)
Argumentation quality transfer task (0 — 6) 2.57 (1.89) 2.81 (1.68) 3.02 (1.21)
Bias hypothesis training task (0 — 100) -6.16 (33.34) -3.95 (27.97) 8.71 (43.13)

Bias argumentation training task (0 — 100) 11.01 (34.79)* 12.79 (34.72)* 23.83 (35.80)*

Bias hypothesis transfer task (0 — 100) 4.30 (33.98) 8.27 (38.74) 29.01 (31.66)*

Bias argumentation transfer task (0 — 100) 15.78 (35.49)* 22.50 (32.77)* 27.58 (23.47)*

* indicates a significant deviation from zero as revealed in a one-sample t-test (p < .05),

Cohen’s d ranges from 0.20 to 1.18 for significant differences.

3 Additional analyses revealed that time on task was significantly shorter for the posttest, F(1,
121)=475.21, p<.001, Wilk’s A = 203, n,* = .79, suggesting that participants clicked through
the posttest very quickly. Therefore, this finding should be interpreted with caution.
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6.3 Effects on the Training Task

6.3.1 Product Level. Contrast 1 showed that the VMP and VM conditions had higher
hypothesis quality, #(124) = 2.60, p = .010, d = 0.49, and higher argumentation quality, #(124)
= 2.75, p = .007, d = 0.52, than the control group, see Figure 14. Contrast 2 showed no
significant differences between the VMP and VM in hypothesis quality, p =.75, d = 0.02, and
argumentation quality, p = .91, d = 0.02. These findings indicate that while video modeling
improved scientific inquiry at the product level (H2a), there was no significant added benefit
of the metacognitive prompts in the training task (H2b). The groups did not differ in monitoring
accuracy regarding hypothesis quality, p = .20, n? = .03, and argumentation quality, p = .20, n?
=.03.

Figure 14

The Immediate Training Effects of Video Modeling (VM) and Metacognitive Prompts (P) on
Hypothesis and Argumentation Quality

n VAP
i m VM
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Note. Error bars show standard errors.

6.3.2 Process Level. We used ENA and process mining to model the connections
between scientific reasoning and self-regulation processes. We first compared the VMP and
VM conditions to the control condition and then the two VM conditions to each other. The

frequencies of the processes are provided in Table 13.

6.3.2.1 ENA: VMP and VM vs. Control. Along the X axis, a two sample #-test showed
that the position of the control group centroid (M = 0.33, SD =0.76, N = 22) was significantly
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different from the VMP and VM centroid (M =-0.11, SD = 0.84, N = 66; 1(39.23) =-2.32,p =
.03, d=0.54). Along the Y axis, the position of the control group’s centroid (M =-0.21, SD =
0.74, N = 22) was not significantly different from the VMP and VM centroid (M = 0.07, SD =
0.73, N=66; #35.90) = -1.52, p = .14, d = 0.37).

Thicker green lines in Figure 15 illustrate stronger co-occurrences of Monitoring,
Planning and Evidence Evaluation, Evidence Generation, Hypothesis Generation, and Drawing
Conclusions in the two VM conditions than in the control condition. Participants in the control
condition (purple) were Self-Explaining during Evidence Generation and Evidence Evaluation
more often than in the VM conditions. The difference between the centroids’ positions on the
X-axis results from stronger connections between scientific reasoning and self-regulation
processes in the VMP and VM networks. Taken together, participants in the VM conditions
were self-regulating during scientific reasoning activities more frequently than participants in

the control condition.

Table 13

The Total Frequencies (and Percentages) of Process Events per Condition in the Training Task

VMP (n=29) VM (n=37) Control (n = 22)
Problem Identification 20 (0.97%) 28 (0.95%) 17 (0.65%)
Hypothesis Generation 19 (0.92%) 32 (1.09%) 9 (0.35%)
Evidence Generation 1797 (86.69%) 2495 (84.95%) 2339 (89.9%)
Evidence Evaluation 133 (6.42%) 196 (6.67%) 124 (4.77%)
Drawing Conclusions 42 (2.03%) 66 (2.24%) 31 (1.19%)
Planning 13 (0.63%) 12 (0.41%) 2 (0.07%)
Monitoring 30 (1.45%) 54 (1.84%) 28 (1.07%)
Control 9 (0.43%) 31 (1.06%) 11 (0.42%)
Self-explaining 9 (0.43%) 18 (0.61%) 41 (1.58%)
Activation of Prior Knowledge 1 (0.05%) 5(0.17%) 0
Total 2073 2937 2602
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Figure 15

The Epistemic Network Difference Between the VMP and VM (left, green) Conditions and the
Control (right, purple) Condition in the Training Task
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6.3.2.2 ENA: VMP vs. VM. Two sample- tests revealed no differences between the
position of the VMP centroid compared to the VM control along either the X axis, #55.53)
=0.52,p=.60,d=0.13) or the Y axis, #(59.54) =-0.42, p=.67,d = 0.11. Thus, the epistemic

networks of the groups with video modeling were similar (for details see Appendix B).

6.3.2.3 Process Mining. The process model of the two video modeling conditions in
the training task (Figure 16) illustrates a very strong dependency between Problem
Identification and Hypothesis Generation. Participants started their inquiry by identifying the
problem and then generating a hypothesis to investigate it. Next, there were strong sequential
relationships between Evidence Generation and Planning. More frequently, participants were
planning before evidence generation. A strong reciprocal relationship indicates that participants
were also planning after evidence generation. Similar reciprocal relationships are observed
between Evidence Generation, Self-Explaining and Evidence Evaluation, and between
Drawing Conclusions and Evidence Generation. Monitoring and Control were not related to

specific scientific reasoning processes and both processes had strong self-loops, which
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indicates that these processes were performed sequentially several times. This finding implies
that Monitoring and Control did not have high enough dependencies to other events to be
included in the process model. This could also indicate that Monitoring and Control were not
related to one other specific process, but rather they were (weakly) connected to several other

(scientific reasoning) processes.
Figure 16

The Process Model of the VMP and VM Conditions Combined (n = 66) in the Training Task
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Note. The top number (referring to the arrows) represents the dependency (0-1), and the

number below represents the frequency of each sequence. The numbers in the boxes represent

the frequency of each process.

In contrast, in the control condition (Figure 17), Problem Identification, Hypothesis
Generation, and Monitoring were disconnected from other processes and no self-loops were
observed. Similar to the two video modeling conditions, reciprocal links between Evidence
Generation and Drawing Conclusions and between Self-Explaining and Evidence Evaluation
were discovered. However, in contrast with the two video modeling conditions, the reciprocal
links between Self-Explaining and Evidence Evaluation were disconnected from Evidence

Generation.
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Figure 17

The Process Model of the Control Condition (n = 22) in the Training Task
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Note. The top number (referring to the arrows) represents the dependency (0-1), and the number
below represents the frequency of each sequence. The numbers in the boxes represent the

frequency of each process.

6.4 Effects on the Transfer Task

6.4.1 Product Level. Contrast 1 indicated that VMP and VM had higher hypothesis
quality than the control condition, #(124) = 3.06, p = .003, d = 0.58, but they did not differ
significantly from each other (Contrast 2, #(124) =-0.22, p = .83, d = 0.05), see Figure 18. The
three groups did not differ in argumentation quality (Contrast 1, #(124) = 0.09, p = .93, d =
0.02; Contrast 2, #(124) = 1.09, p = .28, d = 0.22). These findings provide partial support for
H3a in that video modeling helped students to generate high-quality hypotheses during
scientific inquiry but did not improve their argumentation. There was no significant added

benefit of metacognitive prompts in the transfer task (H3b).

The three groups differed significantly in monitoring accuracy regarding hypothesis
quality, F(2, 122) = 5.68, p = .004, n>=.09. Post-hoc comparisons with Bonferroni corrections
indicated that participants in the control condition overestimated their hypothesis quality,
compared to the VMP, p =.006, and the VM condition, p =.028. There were no differences in

monitoring accuracy for argumentation quality, p = .20, n> = .02.
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Figure 18

The Transfer Effects of Video Modeling (VM) and Metacognitive Prompts (P) on Hypothesis

and Argumentation Quality
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Note. Error bars show standard errors.

6.4.2 Process Level. Descriptive statistics are reported in Table 14.

Table 14

n VP
VM
Control

Arpumentation Chuality

The Total Frequencies (and Percentages) of Process Events per Condition in the Transfer Task

VMP (1 = 29)

VM (n = 37)

Control (n = 22)

Problem Identification
Hypothesis Generation
Evidence Generation
Evidence Evaluation

Drawing Conclusions
Planning

Monitoring

Control

Self-explaining

Activation of Prior Knowledge

Total

15 (1.06%)
11 (0.78%)
1037 (73.4%)
235 (16.64%)
43 (3.05%)
8 (0.6%)
26 (1.84%)
17 (1.2%)
18 (1.28%)
2 (0.14%)
1412

29 (1.59%)
35 (1.92%)

1208 (66.12%)

358 (19.59%)
67 (3.67%)
9 (0.5%)
52 (2.85%)
35 (1.92%)
33 (1.81%)
1 (0.05%)
1827

13 (1.15%)
9 (0.79%)
806 (71.39%)
192 (17%)
34 (3.01%)
2 (0.18%)
28 (2.48)
11 (0.87%)
34 (3.01%)
0
1129
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6.4.2.1 ENA: VMP and VM vs. Control. Two sample-¢ tests revealed no differences
between the position of the VMP and VM centroid compared to that of the control along either
the X axis, #(34.29) =-0.63, p = .53, d = 0.16, or the Y axis, #34.90) =-1.43, p=.16,d = 0.36.
Thus, the epistemic networks of the groups with and without video modeling were similar (for

details see Appendix B).

6.4.2.2 ENA: VMP vs. VM. Two sample ¢-tests showed no significant differences
between the centroids of the VMP and VM conditions along the X, #(57.37) =-1.62,p=.11,d
= 0.40, and the Y axis, #(54.76) =-0.43, p = .67, d = 0.11. These findings indicate that there
were no significant differences between the epistemic networks of participants in the two video

modeling conditions in the transfer task (for details see Appendix B).

7. Discussion

The present study investigated the effectiveness of video modeling examples and
metacognitive prompts for improving scientific reasoning during inquiry learning with respect
to students’ scientific reasoning ability, self-regulation and scientific reasoning processes, and
hypothesis and argumentation quality. We used two types of process analyses, ENA and
process mining, to illustrate the interaction between self-regulated learning and scientific

reasoning processes.

Our findings on the product level provide partial support for our hypotheses that video
modeling improved hypothesis and argumentation quality in the training task (H2a) and
hypothesis quality in the transfer task (H3a). Likewise, on the process level, we found more
sequential relationships between scientific reasoning and self-regulated learning processes in
the two video modeling conditions than in the control condition. We found no added benefit of

the metacognitive prompts on either the product (H2b, H3b) or the process level.

We observed no effects on scientific reasoning ability (Hla, H1b), which is likely
because of the identical pre- and posttest items. Participants’ behavior during the posttest and
the significantly shorter time-on-task suggested that many participants rushed through the
posttest and did not attempt to solve it again, thereby attesting to the importance of identifying
alternative, more process-oriented measures for scientific reasoning. Therefore, we refrain
from drawing conclusions about the influence of video modeling examples and metacognitive

prompts on scientific reasoning ability and earmark this aspect of our study as a limitation.
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7.1 Theoretical Contributions

First, video modeling examples were beneficial for improving participants’ hypothesis and
argumentation quality in the training task and for improving hypothesis quality in the transfer
task. Therefore, video modeling examples can support students during inquiry learning and
positively affect their hypothesis quality prior to the inquiry tasks and their argumentation
quality. Previous research found positive effects of video modeling examples on performance
and inquiry processes, compared to solving an inquiry task (Kant et al., 2017) and our findings
extend them to hypothesis and argumentation quality. This provides further support of the
benefits of observational learning (Bandura, 1986) for teaching complex procedural skills like

scientific reasoning.

Second, next to learning outcome measures, we provide a fine-grained analysis of
students’ scientific reasoning and self-regulation processes. Prior research has stressed the
importance of self-regulation during complex problem-solving activities (e.g., Azevedo et al.,
2010; Bannert et al., 2015) like scientific reasoning (e.g., Manlove et al., 2009b; Omarchevska
et al.,, 2021; White et al., 2009). Our findings illustrate the importance of self-regulation
processes during scientific reasoning activities and the role of video modeling for supporting
this relationship. Specifically, students who watched video modeling examples were
monitoring and planning during evidence generation and evidence evaluation more frequently
than the control group. We contribute to the literature on self-regulated inquiry learning by
showing that an integrated instruction of self-regulation and scientific reasoning resulted in
more connections between scientific reasoning processes, more self-regulation, and higher
hypothesis and argumentation quality. However, to ensure that an integrated instruction of
scientific reasoning and self-regulation is more beneficial than an isolated one, future research
should compare video modeling examples that teach self-regulation and scientific reasoning
separately to our integrated instruction. Furthermore, we primarily relied on (meta)cognitive
aspects of self-regulated learning. Future research should also investigate motivational
influences (Smit et al., 2017) which were shown to be relevant for learning from video

modeling examples (Wijnia & Baars, 2021).

Modeling the sequential use of scientific reasoning processes highlights the value of a
process-oriented perspective for inquiry learning. ENA showed a densely connected network
of scientific reasoning and self-regulation processes for students in the experimental

conditions. This corroborates previous findings on the relationship between scientific
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reasoning and self-regulation processes and argumentation quality (Omarchevska et al., 2021)
and extends it to the influence on hypothesis quality as well. The video modeling examples in
this study were designed based on our previous findings regarding self-regulating during
scientific reasoning, which further highlights the value of video modeling examples as a means
of providing such an integrated instruction. Video modeling examples were successful in
teaching self-regulation (self-assessment and task selection skills; Raaijmakers et al., 2018a, b)
or scientific reasoning (CVS; Kant et al., 2017; Mulder et al., 2014). Our findings extend these
benefits for planning, monitoring, and the epistemic activities regarding scientific reasoning
(Fischer et al., 2014). Raaijmakers et al. (2018a, b) showed mixed findings regarding transfer.
In our case, our intervention transferred only regarding hypothesis quality, which was explicitly
modeled in the videos, but did not enhance argumentation quality. The combination of process
and learning outcome analyses demonstrated that 1) modeling hypothesis generation principles
resulted in higher hypothesis quality and 2) integrating self-regulation and scientific reasoning
instruction resulted in a conjoint use of scientific reasoning and self-regulation processes for

students who watched the video modeling examples.

Our findings confirm the value of inquiry models (e.g., Fischer et al., 2014; Klahr &
Dunbar, 1988; Pedaste et al., 2015) to not only describe the inquiry processes but to also inform
interventions, as it was done in this study. At the same time, our findings suggest that current
theoretical models describing scientific inquiry as a set of cognitive processes (Fischer et al.,
2014; Klahr & Dunbar, 1988; Pedaste et al., 2015) need to be augmented with respect to
metacognition. A framework integrating metacognition in the context of online inquiry was
proposed by Quintana et al. (2005). The framework is focused on supporting metacognition in
the context of information search and synthesis to answer a research question. The present
study provides further evidence with respect to planning, monitoring, and control as important
self-regulation processes for scientific reasoning and inquiry learning. Moreover, we tested the
cyclical assumption of self-regulation, meaning that performance on one task can provide
feedback for the learning strategies used in a follow-up task (Panadero & Alonso-Tapia, 2014).
Our process analyses showed that increasing one component of self-regulated learning (e.g.,
monitoring) in the instruction can result in recursive use of that component in similar learning
situations. This results in near transfer from applying the concepts taught in the video modeling
examples to a new context (training task), but also in medium transfer, since the transfer task

involved a new context and an additional challenge of manipulating a second variable. The
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cyclical nature of self-regulated learning is often assumed (Zimmerman, 2013), but it is rarely

tested in successive learning experiences.

7.2 Methodological Contributions

We used two innovative process analyses — ENA and process mining — to investigate how
scientific reasoning and self-regulation processes interacted in students who either watched
video modeling examples or engaged in unguided inquiry learning prior to the inquiry tasks.
Previous research on scientific reasoning using process data often used coding-and-counting
methods, which use process frequencies to explain learning outcomes (e.g., Kant et al., 2017).
A drawback of coding-and-counting methods is that when the frequencies of processes are
analyzed in isolation, important information about the relationships between processes is lost
(Csanadi et al., 2018; Reimann, 2009). For example, Kant et al. (2017) counted and compared
the number of controlled and confounded experiments between conditions. While this analysis
yielded important information about inquiry learning, it did not provide information about how
participants engaged in these processes. Learning processes do not occur in isolation and
studying their co-occurrence and sequential flow can show how they are related to each other
and provide a more comprehensive view of learning (Csanadi et al., 2018; Shaffer, 2017).
Therefore, we use ENA and process mining to model the sequential relationships between
scientific reasoning and self-regulation processes. Second, we integrated findings from both
methods which can help to overcome the drawbacks of each method. Such approach is of
interest to researchers analyzing learning processes as mediators between learning
opportunities offered and students’ learning outcomes. We illustrate the potential of advanced
methods that go beyond the isolated frequencies of single processes without accounting for

their interplay with other processes.

ENA statistically compares the position of the centroids and the strength of co-
occurrences between conditions, whereas such comparison is difficult using process mining
(Bolt et al., 2017). ENA found no differences between the two video modeling conditions;
therefore, we compared the strength of connections among different processes between the
video modeling conditions to the control condition. The two video modeling conditions
significantly differed from the control condition in the training task and these differences were
displayed in the epistemic networks of the two groups — scientific reasoning processes co-
occurred more frequently with self-regulation processes in the video modeling conditions than

the control condition.

121



STUDY 3

ENA revealed that planning co-occurred with evidence generation more frequently in
the experimental conditions, whereas process mining identified that more frequently, planning
occurred prior to evidence generation, which could not be determined using ENA. Planning
before generating evidence during inquiry learning is more beneficial because it helps students
to first consider what experiment they want to conduct, which variables they want to
manipulate, and to avoid randomly manipulating variables to test their hypothesis. The
importance of planning during evidence generation was explained in the video modeling
examples. Showing that participants applied this concept during their inquiry could explain the
effectiveness of the video modeling examples. Furthermore, ENA showed stronger
relationships between drawing conclusions and evidence generation in the experimental
conditions. Process mining found the same reciprocal relationship and showed that, more
frequently, evidence generation was followed by drawing conclusions. This relationship
corresponds to scientific reasoning (e.g. Fischer et al., 2014) and inquiry (Pedaste et al., 2015)
frameworks. In conclusion, ENA provides information about the strength of the co-occurrence

between different processes, whereas process mining provides information about the direction.

Process mining identifies self-loops, indicating that the same process is performed
several times in a row, whereas ENA does not consider loops. The process models identified
monitoring self-loops but no strong dependencies between monitoring and other processes. In
ENA, monitoring was connected to several scientific reasoning activities in the video modeling
conditions. In the control condition, monitoring had no self-loops and it was disconnected from
other activities; likewise, no relationships between monitoring and other processes were
observed in the ENA. In conclusion, our findings show that a combination of both methods
provides a more comprehensive analysis of the interaction between scientific reasoning and
self-regulation processes. An integration of the findings of both approaches can complement
the drawbacks of each method and provide information about global differences between the
groups (ENA), the strength of co-occurrence between specific processes (ENA), the specific
sequence of relationships (process mining), and identify self-loops of individual processes

(process mining).

7.3 Educational Implications

Based on our findings we can recommend the use of video modeling examples to teach
scientific reasoning. Students who watched video modeling examples generated higher-quality

hypotheses in a training and a transfer task, and higher-quality arguments in the training task,
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compared with students who engaged in unguided inquiry learning. Furthermore, video
modeling examples enhanced self-regulation during scientific reasoning activities. Students
who watched video modeling examples were planning and monitoring more frequently their
scientific reasoning processes than students in the control group. The benefits were found
despite the rather short instruction time of the video modeling examples (10 minutes), thereby
attesting to their efficiency. Our video modeling examples did not only demonstrate how to
perform unconfounded experiments but also provided narrative explanations of the model’s
thought processes. Thereby, self-regulation instruction was integrated within scientific
reasoning instruction. Teachers can easily create video modeling examples and use them in
science education. Consequently, teachers are increasingly using instructional videos in online
platforms like YouTube or KhanAcademy. However, instructional videos are focused on
teaching content, whereas we provided evidence that video modeling examples can also be

used to convey specific learning strategies like scientific reasoning.

7.4 Limitations and Future Directions

Several limitations to our findings should be considered. First, since the scientific reasoning
pre- and posttest items were identical and participants simply repeated their answers from pre-
to posttest, we could not assess the effectiveness of the intervention on scientific reasoning
ability reliably. Therefore, the effects of video modeling examples and metacognitive prompts
on scientific reasoning ability should be investigated in future research. Nevertheless, the
present study showed that video modeling examples improved scientific reasoning products
and processes, which one might argue are more meaningful measures than declarative scientific
reasoning knowledge. Second, due to technical difficulties with the audio recording, the
process data analyses were conducted using a smaller sample size. A replication of the process
analyses with a larger dataset would be beneficial for confirming the effectiveness of video

modeling examples on the process level.

Third, the intervention effects were only partly visible in the transfer task, in which
only a better hypothesis quality was achieved. This could indicate that the benefits of video
modeling examples are not robust enough to attain transferable knowledge. Conceptual
knowledge for the transfer task was lower than the training task; therefore, applying the learned
processes to a more complex task could have been challenging for learners. Last, only

hypothesis quality was explicitly modeled in the videos. Future research should test these
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different explanations for the lack of transfer regarding argumentation quality, for example,

with a longer delay between the training and the transfer tasks.

Furthermore, no benefits of the metacognitive prompts were observed on the product
or process level. One explanation is that participants in the video modeling conditions were
already self-regulating sufficiently in the training task, as identified by the process data. This
finding suggests that video modeling examples were sufficient for fostering self-regulation in
the training task. Therefore, providing the metacognitive prompts in the training task might
have been unnecessary. One direction for future research would be to provide the
metacognitive prompts in the transfer task to further support self-regulation after the
intervention took place. Second, prior research on supporting monitoring and control has
suggested that active generative tasks during (Mazzoni & Nelson, 1995) or after learning
(Schleinschok et al., 2017; van Loon et al., 2014) can improve monitoring accuracy.
Furthermore, providing metacognitive judgements was only effective for learning after
retrieval (Ariel et al.,, 2021). Therefore, generating a written response to the prompt or
retrieving information from the video modeling examples before the prompts might increase

their effectiveness.

8. Conclusions

The present study provided evidence on the effectiveness of video modeling examples for
improving scientific reasoning process and products. Watching video modeling examples
improved hypothesis and argumentation quality in the training task and hypothesis quality in
the transfer task. Students who watched video modeling examples were also self-regulating
more during scientific reasoning activities, as indicated by the process analyses. Thus, an
integrated instruction of self-regulation and scientific reasoning resulted in a conjoint use of
these processes. Therefore, the present study provided evidence for the effectiveness of video-
modeling examples both at the product and process level using fine-grained analyses regarding
the co-occurrence and sequence of scientific reasoning and self-regulation processes. Our
findings are applicable outside the context of science education as video modeling examples
can be used to support other task-specific and self-regulatory processes in an integrated
manner. Likewise, our methodological approach combining process and product measures, can

also be applied to other questions in educational psychology.
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IX. Results and Discussion

Educational reforms in the past decades (e.g., KMK, 2020; NASEM, 2021; NRC, 1996, 2013)
have pushed toward the increased implementation of active learner-centered methods like
inquiry learning in science education to improve students’ scientific reasoning and
argumentation. Because the effectiveness of active learner-centered approaches relies on
students’ active engagement and participation (Freeman et al., 2014), there are important
factors that need to be considered for their effective implementation. The three conceptual aims
of this dissertation related to investigating 1) the conjoint role of students’ cognitive and
motivational characteristics on their experimentation skills and conceptual understanding, 2)
the interplay of self-regulation and scientific reasoning processes and argumentation quality,
and 3) the effectiveness of integrated scaffolding of self-regulation and scientific reasoning for

students’ learning processes and learning outcomes.

In Study 1, a person-oriented approach was applied to investigate the combined role of
students’ cognitive and motivational prerequisites for their experimentation skills and
conceptual understanding. Findings showed that different configurations of motivational and
cognitive prerequisites need to be considered during inquiry learning. In Studies 2 and 3, data
on the conjoint and sequential use of scientific reasoning and self-regulation processes were
collected, in addition to learning outcomes, to investigate their interplay. Results from Study 2
indicated that self-regulation processes, in addition to scientific reasoning processes, need to
be considered to better understand inquiry learning. Study 3 reported the effects of an
intervention, designed based on the findings from Study 2, targeted at supporting the integrated
use of self-regulation and scientific reasoning. In Study 3, prior to engaging in inquiry,
instruction on the integrated use of self-regulation and scientific reasoning was provided using
video modeling examples. Self-regulation during scientific reasoning was additionally
supported using metacognitive prompts. Findings from Study 3 showed the effectiveness of
the integrated instruction of scientific reasoning and self-regulation. An additional
methodological contribution of this dissertation is providing insight into the role of self-
regulated learning during scientific reasoning tasks using advanced methods which capture the

conjoint and sequential use of these processes.

In the following, the results of the three studies are summarized. Next, the theoretical

implications of the studies are discussed. To this end, their findings are integrated into a
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theoretical model (Self-Regulated Learning during Scientific Reasoning [SRLSL] Model),
which illustrates the relationships between students’ individual prerequisites, self-regulation,
scientific reasoning processes, and learning outcomes. Last, the educational implications,

strengths, and limitations of the studies are addressed, and an overall conclusion is drawn.

1. Summary of Results

To address open questions regarding the role of students’ characteristics, self-regulation, and
integrated guidance of self-regulation and scientific reasoning in the context of inquiry

learning, three studies were conducted which are summarized in the following section.

Study 1 investigated how cognitive and motivational characteristics conjointly relate to
students’ experimentation skills and conceptual understanding in a guided inquiry learning
science lesson. Secondary school students from six classes (N = 110, Mage = 12.07 years)
attended a lesson on photosynthesis and solved a structured inquiry task using a simulation
about photosynthesis individually on a laptop. Experimentation skills were measured by the
proportion of controlled experiments obtained from screen recordings of students’ inquiry
behavior. At the end of the task, students wrote an explanation answering the research question
they investigated, from which argumentation quality was coded. Conceptual understanding
comprised students’ written argumentation quality and posttest scores. Results from a k&~-means
cluster analysis revealed three distinct clusters, based on students’ prior knowledge, academic
self-concept, and interest — Underestimating, Struggling, and Strong. Underestimating students
had high prior knowledge, but low interest and self-concept. Struggling students scored below
average on all three variables, whereas Strong students scored above average on all variables.
Regarding experimentation behavior, surprisingly, Struggling students performed a
significantly higher proportion of controlled experiments than Strong students.
Underestimating and Strong students scored significantly higher than Struggling students in
the conceptual knowledge posttest. The three clusters did not differ significantly in
argumentation quality. Last, a mediation analysis indicated that experimentation skills did not
mediate the relationship between students’ individual prerequisites and conceptual
understanding, suggesting that the proportion of controlled experiments might be a too limited

measure of experimentation skills.

To further investigate factors related to students’ experimentation, Study 2 addressed

open questions arising from Study 1. First, to investigate scientific reasoning processes going
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beyond experimentation skills, additional epistemic activities that students engaged in were
coded and analyzed. Second, self-regulation processes, obtained from think aloud protocols,
were investigated. Third, to investigate how the co-occurrences of self-regulation and scientific
reasoning processes relate to argumentation quality, epistemic network analysis (ENA) was
used to model the conjoint use of these processes. To observe how self-regulation and scientific
reasoning processes occur without scaffolds, only minimal guidance was provided. University
students (N =30, My = 23.33 years) solved an inquiry task that asked them to test an
assumption made by a fictitious person using a computer simulation on the topic of population
genetics. At the end of the task, they wrote an explanation regarding the original research
question, from which argumentation quality was coded. Fine-grained process data, obtained
from screen recordings and think aloud protocols during the inquiry task, were used to explore
the co-occurrences of scientific reasoning and self-regulation processes in relation to
argumentation quality. A comparison between students with high and low argumentation
quality using ENA revealed important differences between the two groups on the process level.
First, students with high argumentation quality performed different epistemic activities
conjointly and correctly more frequently than students with low argumentation quality. For
instance, high argumentation quality was associated with generating and evaluating evidence
in the same temporal context, whereas low argumentation quality was associated with
violations of the control of variables strategy. Moreover, high argumentation quality was
associated with more frequent co-occurrences of self-regulation processes and epistemic
activities. In particular, participants with high argumentation quality in their answers were
monitoring while generating evidence. These findings suggest that instruction that integrates
self-regulation and self-regulation could be beneficial for improving scientific reasoning and

argumentation.

Accordingly, Study 3 investigated the effectiveness of video modeling examples (VM)
and metacognitive prompts (P) as an integrated instruction of self-regulation and scientific
reasoning. The video modeling examples and prompts were designed based on the findings
from Study 2 and aimed to foster the self-regulation of specific epistemic activities (e.g.,
evidence generation, evidence evaluation). The effects of watching VM examples combined
with prompts (VMP) to watching VM examples only, and to unguided inquiry (control) were
compared in two inquiry tasks (training and transfer task). The effectiveness of the intervention
was evaluated regarding university students’ (N = 127, Mug. = 24.3 years) scientific reasoning

ability, hypothesis and argumentation quality, and scientific reasoning and self-regulation
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processes. Results indicated that participants in the VMP and VM conditions had higher
hypothesis and argumentation quality in the training task and higher hypothesis quality in the
transfer task compared to the control group. There were no differences between the two video
modeling conditions, suggesting no added benefit of the prompts. Screen captures and think
aloud protocols during the two tasks served to obtain insights into students’ scientific reasoning
and self-regulation processes. Using ENA and process mining, the co-occurrences and
sequences of scientific reasoning and self-regulation were modeled. ENA identified stronger
co-occurrences between scientific reasoning and self-regulation processes in the two VM
conditions compared to the control condition. Specifically, monitoring and planning were used
conjointly with hypothesis generation, evidence generation, and evidence evaluation. Process
mining additionally revealed specific sequences of these processes. These findings indicate that
an instruction that aimed at integrating self-regulation and scientific reasoning, resulted in more
conjoint use of scientific reasoning and self-regulation processes, and higher hypothesis and
argumentation quality. An integration of findings on the process and learning outcomes level
revealed that the processes modeled in the video modeling examples (correct hypothesis
generation, planning and monitoring scientific reasoning activities) resulted in improved
hypothesis and argumentation quality and a conjoint use of self-regulation and scientific

reasoning processes.

2. Theoretical Implications

The three conceptual goals of this dissertation refer to the role of students’ individual
prerequisites, self-regulated learning processes, and an integrated instruction of scientific
reasoning and self-regulation on learning processes and outcomes during inquiry learning. The
employment of advanced methods, which can capture the co-occurrence and sequential
relationships between learning processes, allowed for an in-depth investigation of the
interaction between self-regulation and scientific reasoning in relation to hypothesis and
argumentation quality. The findings from the three studies are integrated into the Self-
Regulated Learning during Scientific Reasoning (SRLSR) model, presented in Figure 19. The
three major theoretical implications stemming from the theoretical model are discussed in the

following section.

128



RESULTS AND DISCUSSION

Figure 19

Model of Self-Regulated Learning during Scientific Reasoning (SRLSR Model)
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The first implication of the research reported in this dissertation that is captured in the
SRLSR model refers to the role of students’ cognitive (prior knowledge) and motivational
(academic self-concept and interest in science) prerequisites for learning outcomes, which was
investigated in Study 1 (see left part of the model). Findings from Study 1 indicated that both
cognitive and motivational variables were associated with conceptual knowledge, but not with
argumentation quality. Despite the influence of motivation on students’ engagement (Hidi,
1990), previous research on inquiry learning has largely neglected the role of prior motivational
variables on students’ engagement during inquiry learning. When investigating the relationship
between inquiry learning and motivation, the reverse relationship is often considered in prior
research, namely, the influence of engaging in inquiry learning activities on students’
motivation and situational interest (e.g., Kriiger et al., 2022; Rutten et al., 2012). According to
findings from Study 1, both cognitive and motivational prerequisites are important for inquiry
learning. Likewise, academic self-concept can also affect students’ engagement (Schnitzler et
al., 2021) and achievement (Huang, 2011). However, these findings are not from the specific

context of inquiry learning. Similar to interest, prior research has investigated the influence of
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engaging in inquiry activities on students’ academic self-concept (Jansen et al., 2015), but the
reverse relationship has not been investigated. As a consequence, students who are motivated
and perceive themselves as capable in science (high academic self-concept in science) might
also benefit from different types of guidance than students who are unmotivated and perceive
themselves as less capable in science (Huber & Seidel, 2018). So far, previous research has
considered the influence of different levels of prior knowledge on the effectiveness of different
types of guidance (van Riesen et al., 2018, 2019). However, findings from Study 1 suggest that
it might also be effective to tailor guidance during inquiry learning to students’ prior

motivational characteristics, not only to their prior knowledge.

Findings from Study 1 also demonstrated that only considering the control-of-variables
strategy (CVS) might be a too limited measure of experimentation skills and instead, additional
cognitive and metacognitive processes need to be considered. Furthermore, relying only on
behavioral data, coded from screen recordings, does not provide insight into the intentionality
of students’ experimentation behavior. Study 1 findings indicated that students with the lowest
prior knowledge, self-concept, and interest (Struggling cluster) performed the highest
proportion of controlled experiments which in contrast with prior research showing that low
prior knowledge students tend to violate the CVS more frequently than high prior knowledge
students (Bumbacher et al., 2018). However, the highly structured design of the inquiry task
might have been beneficial for students with low prior knowledge, self-concept, and interest,
but might not have been suitable for students with higher prior knowledge, self-concept, and
interest (Kalyuga, 2007). These findings suggest that the way inquiry learning is implemented
(task structuring can be seen as a form of guidance that supports students by restricting the
number of variables to consider for their experiments) needs to be tailored to students’
motivation, in addition to their prior knowledge. Furthermore, students’ cognitive and
metacognitive processes need to be considered, to provide insight into the intentionality of their
experimentation behavior, which cannot be obtained from simply looking at their inquiry
behavior. Therefore, Studies 2 and 3 focused on students’ scientific reasoning processes (i.e.,
epistemic activities extending beyond the control-of-variables strategy) and their self-

regulation processes.

Second, the SRLSR model captures the evidence of the interplay between different
scientific reasoning processes (i.e., epistemic activities) in relation to hypothesis and

argumentation quality that was obtained in this dissertation. The conjoint and sequential use of
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different epistemic activities is illustrated on the top right of the SRLSR model by integrating
findings from Studies 2 and 3. Solid lines indicate that these relationships among scientific
reasoning and self-regulation processes were found after the interplay of self-regulated learning
and scientific reasoning had been instructed using video modeling examples or were found in
the high argumentation quality group in Study 2. Dashed lines illustrate relationships which
were stronger either in the low argumentation quality group in Study 2 or the control condition
of Study 3, which also had lower hypothesis and argumentation quality. Bi-directional arrows
indicate a conjoint use of the processes, obtained from ENA findings. Unidirectional arrows
illustrate that a specific sequence was identified by process mining, indicating that there is a

higher likelihood of one process preceding the other.

In the following, the findings related to hypothesis and argumentation quality are
discussed (solid lines illustrate the relationships regarding higher hypothesis and argumentation
quality). The model illustrates that problem identification was followed by hypothesis
generation, which is in line with inquiry learning and scientific reasoning frameworks (Fischer
et al., 2014; Pedaste et al., 2015). Moreover, hypothesis generation and evidence generation
co-occurred together, indicating that the two processes were performed together more
frequently and were related to higher hypothesis and argumentation quality. The fact that
problem identification was only connected to hypothesis generation has two potential
explanations. First, in the design of the inquiry tasks, the problem was already identified, so
participants started the inquiry process by generating a hypothesis. Second, problem
identification is often the starting point of the inquiry process (Pedaste et al., 2015) and
therefore is not performed later in the task after the problem has already been identified.
Evidence generation was more frequently followed by drawing conclusions, which is also in
line with frameworks of scientific reasoning and inquiry (Fischer et al., 2014; Pedaste et al.,
2015). Dashed lines — which represent relations found in students with lower argumentation
quality — indicate stronger co-occurrence between hypothesis generation and drawing
conclusions. This finding might suggest that these students were generating hypotheses and
drawing conclusions without engaging in core scientific reasoning processes (evidence

generation and evidence evaluation) necessary for hypothesis testing and drawing conclusions.

The relationship between evidence generation and evidence evaluation is illustrated by
a dashed line, indicating that these processes were performed more frequently conjointly in the

control condition in Study 3, which, however, showed a rather weak relationship between the
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two processes. At the same time, a strong co-occurrence of evidence generation and evidence
evaluation was found in the high argumentation quality group in Study 2. These mixed findings
could be explained using the process mining graph of the experimental conditions in Study 3
(see Figure 16), which indicated a pattern of evidence generation, followed by self-explaining,
followed by evidence evaluation. Therefore, a potential explanation of the weaker co-
occurrence between evidence generation and evidence evaluation in the experimental
conditions found using ENA is that, instead of simultaneously generating and evaluating
evidence, these participants were also self-explaining in-between. ENA only considers the
relationship between two processes, whereas process mining can identify longer sequences of

Processes.

Overall, findings indicate that performing more scientific reasoning processes
conjointly is associated with higher argumentation quality. Previous studies have looked at the
conjoint use of scientific reasoning processes using ENA (e.g., Bauer et al., 2020; Csanadi et
al., 2018). One of the novel contributions of this dissertation is to relate the conjoint use of
scientific reasoning processes to hypothesis and argumentation quality. That is, the higher
number of connections between different scientific reasoning processes was found in the
network of the two experimental conditions in Study 3, which also showed better inquiry

performance, and in the higher argumentation quality network in Study 2.

The third theoretical implication captured in the SRLSR model relates to the in-depth
investigation of the interplay of scientific reasoning and self-regulation processes in relation to
hypothesis and argumentation quality. Prior research has emphasized the importance of self-
regulation during inquiry learning and scientific reasoning (e.g., Manlove et al., 2009b; White
et al., 2009). In prior research, either scientific reasoning (e.g., Liu et al., 2022) processes or
self-regulation processes were coded (e.g., Manlove et al., 2007). However, how these
processes interact during the inquiry tasks has not been previously investigated. Therefore,
despite providing theoretical claims about the importance of self-regulation for scientific
reasoning, little direct evidence exists about the interplay of these constructs. Findings from
this dissertation address this research gap by providing direct evidence for the role of specific

self-regulation processes for scientific reasoning during inquiry learning.

The findings that are represented in the SRLSR model indicate that monitoring was co-
occurring with hypothesis generation, evidence generation, and evidence evaluation. Planning

co-occurred with evidence generation and evidence evaluation. These relationships are
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illustrated using solid bi-directional lines, indicating that the conjoint use of these processes
was observed in the two video modeling conditions in Study 3. Furthermore, it demonstrates
that the integration of self-regulation and scientific reasoning processes, which was instructed
using the video modeling examples in Study 3, resulted in a conjoint use of these processes.
The conjoint use of self-regulation and scientific reasoning processes was also related to
improved hypothesis and argumentation quality. Therefore, initial exploratory findings from
Study 2, which showed that monitoring during scientific reasoning activities was observed
more frequently in students with high argumentation quality, were confirmed experimentally

on the process and learning outcomes level.

Next to metacognitive processes, the use of other cognitive strategies, like activation of
prior knowledge and self-explaining, were considered in Studies 2 and 3. Overall, activation of
prior knowledge occurred very rarely and thus was excluded from the process analyses and the
SRLSR model. Self-explaining co-occurred more frequently with evidence generation and
evidence evaluation in the control condition of Study 3, indicating that students who did not
engage in self-regulation processes relied on self-explaining as an additional learning strategy
during evidence generation and evidence evaluation, which was associated with lower
argumentation quality. In contrast, findings from Study 2 showed that self-explaining can also
be beneficial for students, as some students realized that their initial assumptions were incorrect
and could correct themselves. Nevertheless, for self-explaining to be beneficial, the
explanations should be correct, and their quality should be high (Renkl, 1997). The role of self-
explaining should be further investigated, for example, by instructing students to provide self-
explanations that include deep processing and integration of information, which could then

possibly benefit students struggling with self-regulation.

So far, the SRLSR model does not include relationships between control and any other
processes, as there was no evidence for these relations in the present studies. One potential
explanation for this finding is the operationalization of control used in this dissertation. Control
was operationalized as ‘attempting to guide own cognition, behavior, attention, and motivation
based on monitoring’; an example from a think aloud protocol coded as control is “Now I will
try and keep the temperature constant while increasing the mass.”. On the one hand, this
operationalization could indicate that students rarely verbalized their intentions explicitly and
instead they often simply performed the action (i.e., increasing the mass and keeping the

temperature constant). Performing the action in this example would be coded as evidence
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generation instead. Nelson and Narens (1990) define metacognition as an interrelated system
in which monitoring and control simultaneously affect each other and the boundaries between
the two processes are not always clear. On the other hand, it is possible that monitoring (which
was related to scientific reasoning activities) is tightly connected with control and the two
cannot be disentangled. The difficulty of separating students’ behavioral application of
scientific reasoning activities from control might explain these findings. These explanations
imply that the lack of association between control and scientific reasoning processes might be
a statistical artefact resulting from the operationalization and coding of these constructs or the
lack of verbalization of control processes. These potential explanations require further

empirical investigation using better operationalizations and measurement of control processes.

Self-regulation processes were not performed conjointly with the epistemic activities
problem identification and drawing conclusions. As previously discussed, the design of the
inquiry tasks had already identified the problem, and thus, students did not have to engage in
this epistemic activity extensively. Therefore, one explanation for this finding could be that,
because the problem was already identified, students did not have to monitor and regulate this
epistemic activity. Future investigations, in which the problem is not identified prior to the
inquiry task, are necessary to investigate the role of self-regulation processes for problem
identification. The lack of conjoint use of self-regulation processes and drawing conclusions
could indicate that, because students had already generated and evaluated the evidence,

monitoring during this epistemic activity was not necessary anymore.

In conclusion, these findings indicate that planning and monitoring during specific
scientific reasoning activities are positively associated with learning outcomes, which
corroborates prior research showing that self-regulation is associated with knowledge gains
from inquiry learning (Chin & Brown, 2000; Kuhn et al., 2000). Convergence of the results
from the two studies provides empirical support for the theoretical claims made about the role
of self-regulation for scientific reasoning processes (Andersen & Garcia-Mila, 2017; Azevedo,
2009; Pedaste et al., 2012; White & Frederiksen, 1998; White et al., 2009). A major
contribution of this dissertation is that it provides an actual in-depth process-oriented
investigation of the interplay between scientific reasoning and self-regulation in relation to
students’ hypothesis and argumentation quality. The findings illustrated in the SRLSR model
indicate that self-regulation processes need to be integrated into current theoretical frameworks

of scientific reasoning (Fischer et al., 2014; Klahr & Dunbar, 1988) and inquiry learning (de
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Jong & Lazonder, 2014; Pedaste et al., 2015). Quintana et al. (2005) proposed a framework
that incorporates metacognition during online information search and synthesis. Findings from
this dissertation corroborate prior research regarding the role of metacognitive processes and

extends it to the context of computer-supported inquiry learning in science education.

3. Educational Implications

The increased attention in science education on improving scientific reasoning and
argumentation has resulted in the increased implementation of active learner-centered
pedagogies. The increased use of (computer-supported) inquiry learning requires further
investigation of factors that contribute to its effectiveness for teaching scientific reasoning and
argumentation. This dissertation investigated three factors related to students’ engagement,
their learning processes, and learning outcomes — 1) cognitive and motivational prerequisites,
2) self-regulated learning processes, 3) effectiveness of guidance supporting the integration of
self-regulation and scientific reasoning. The findings of these studies provide important

implications for future educational research and educational practice.

First, findings from Study 1 indicated that students differ regarding their cognitive and
motivational prerequisites. In particular, students are not always homogeneous regarding their
prior knowledge, interest, and self-concept (Kosel et al., 2021; Seidel, 2006). Both cognitive
and motivational prerequisites were related to conceptual understanding and experimentation
behavior. Students can be motivated while lacking prior knowledge or students might possess
high levels of prior knowledge while being unmotivated to engage with the task (Huber &
Seidel, 2018). These types of students are likely to benefit from different types of guidance.
Furthermore, the findings demonstrated that although structured tasks support students’ use of
the control-of-variables strategy, they do not always ensure effective learning. Therefore,
finding a balance between providing students with freedom and support is fundamental and
could depend on students’ prior motivational and cognitive prerequisites, corroborating prior
research showing that students’ self-concept or prior knowledge can be boundary conditions
for the effectiveness of different types of instruction in science (Richter et al., 2022; Roelle &
Renkl, 2019; van Riesen et al., 2019). Findings from this dissertation extend this prior research
by demonstrating the value of considering the combined effects of students’ cognitive in
motivational characteristics for inquiry learning. In future research, it is important to

investigate the effectiveness of different guidance measures tailored to students’ prior
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motivational and cognitive prerequisites. Another direction for future research is investigating
the relationship between students’ cognitive and motivational prerequisites in relation to

scientific reasoning and self-regulation processes during inquiry learning.

Second, findings from this dissertation highlight the importance of considering self-
regulation processes during inquiry learning. Moreover, self-regulation processes do not occur
in isolation and their temporal co-occurrence with scientific reasoning processes needs to be
considered. A drawback of Study 1 was that only the control-of-variables strategy was
considered as a measure of experimentation skills. Findings from Study 2 demonstrated that
students engage in several scientific reasoning processes (e.g., hypothesis generation, evidence
evaluation, drawing conclusions) and the conjoint use of these processes is associated with
higher argumentation quality. Therefore, in future research on inquiry learning, it is important
to consider a wider range of scientific processes when investigating students’ inquiry learning
activities. Moreover, combining data on students’ self-regulation and scientific reasoning
processes is necessary. Previous research has continuously demonstrated the importance of
providing guidance for effective inquiry learning (for a review and meta-analysis, see Lazonder
& Harmsen, 2016; Zacharia et al., 2015). Prior studies on guided inquiry learning have
investigated different types of guidance (e.g., process constraints, heuristics, scaffolds) that
support the inquiry process and thereby scientific reasoning processes (Zacharia et al., 2015).
At the same time, the need to additionally support self-regulated learning during inquiry has
been highlighted (Shapiro, 2008; Zacharia et al., 2015) and some studies have focused on the
effectiveness of self-regulation scaffolds (e.g., Manlove et al., 2009b). Nevertheless, the
effectiveness of guidance, which integrates self-regulation and scientific reasoning, was not
previously investigated. Findings from this dissertation provide evidence for the importance of
considering self-regulation processes during inquiry learning (Zacharia et al., 2015) and also
extend prior research by showing the effectiveness of video modeling examples for teaching
the integration of self-regulation and scientific reasoning. This dissertation focused on the role
of planning, monitoring, and control for scientific reasoning. In future research, the interplay
between other self-regulation processes (e.g., reflection and evaluation) and scientific

reasoning, needs to be investigated.

Third, findings from Study 3 demonstrated the effectiveness of video modeling
examples for fostering the self-regulation of scientific reasoning processes and for improving

hypothesis and argumentation quality, thereby corroborating previous research showing that
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video modeling is effective (Kant et al., 2017; Mulder et al., 2014). Previous research has
demonstrated the effectiveness of video modeling examples for teaching scientific reasoning
(e.g., Kant et al., 2017) or self-regulated learning (e.g., Raaijmakers et al., 2018a, b). Findings
from Study 3 extend previous research by showing the effectiveness of video modeling
examples for providing an integrated instruction of scientific reasoning and self-regulation.
Furthermore, an analysis of students’ learning processes extends prior research by providing
evidence for the effects of video modeling examples on the process level. Video modeling
examples are relatively easy to create and can be implemented in science classrooms in
combination with inquiry tasks. In Study 3, no benefits of additionally providing students with
metacognitive prompts were observed. It is possible that video modeling examples were
sufficient for fostering self-regulation and the metacognitive prompts were unnecessary.
Another explanation could be that the design of the prompts, which only asked students to rate
their confidence without providing an additional written response, resulted in their
ineffectiveness. In future research, the effectiveness of prompts that require generating a
written response should be investigated. Another direction for improving the effectiveness of
the prompts is their timing. In Study 3, the prompts appeared immediately after participants
watched the video modeling examples. Providing the prompts in a delayed task might improve

their effectiveness.

Last, the video modeling examples instructed students on generating a testable
hypothesis. This resulted in improved hypothesis quality in the training and transfer tasks.
However, the structure of argumentation was not instructed or supported and the improvement
in argumentation quality did not transfer to a novel task. Providing well-structured arguments
is difficult for students (McNeill, 2011; Sadler, 2004) and they can benefit from additional
instruction (Osborne et al., 2004). In future research, the effectiveness of additional instruction

on argumentation (for example, using video modeling examples) needs to be investigated.

4. Strengths and Limitations

The main strengths of this research pertain to the use of advanced statistical methods to
combine learning processes with learning outcomes and the variety of instructional materials

and samples.

First, each study reported in this dissertation used a novel statistical method that goes

beyond the traditional variable-oriented approach and instead considers the conjoint influence
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of different factors. In Study 1, a person-oriented approach was used to investigate the
combined role of cognitive and motivational variables which accounts for students’ individual
differences. Students that are homogeneous regarding motivation and cognition (e.g.,
knowledgeable and motivated) can be identified, as well as students with heterogeneous scores
on these variables (e.g., knowledgeable and unmotivated). Employing a person-oriented
approach can provide insights into the effectiveness of instruction for diverse student samples
which in turn can inform instructional design that is adaptive to students’ individual

prerequisites (Hammer et al., 2021; Kosel et al., 2021; Seidel, 2006).

Studies 2 and 3 focused extensively on students’ learning processes in relation to their
learning outcomes, in contrast with more traditional approaches that solely focus on the
effectiveness of instruction on students’ learning outcomes. Moreover, this dissertation focused
on the co-occurrences and sequential patterns of learning processes, in contrast with prior
research often considering only the isolated frequencies of learning processes (e.g., Kant et al.,
2017; Liu et al., 2022; Mulder et al., 2014). Two methods were used to investigate the co-
occurrences and sequential patterns of self-regulation and scientific reasoning processes —
epistemic network analysis (ENA) and process mining. In particular, Study 2 provided insights
into the interplay of self-regulation and scientific reasoning processes using ENA — a novel
statistical method that considers the temporal co-occurrences of learning processes. Findings
from Study 2 were used to design instruction that supports the interplay of self-regulation and
scientific reasoning. The effectiveness of the instruction on students’ learning processes and

outcomes was tested in Study 3.

Findings from Study 2 were based on an exploratory analysis that could not provide
causal claims about the interplay of scientific reasoning and self-regulation processes and
argumentation quality. However, modeling the interplay in the instruction in Study 3 and
investigating the intervention’s effects on the learning process and outcomes level provided a
basis for causal claims about the benefits of supporting the interplay of self-regulation and
scientific reasoning for argumentation and hypothesis quality. Moreover, learning processes in
Study 3 were modeled using two methods — ENA and process mining — that can complement
the drawbacks associated with each method. While ENA can statistically compare the strength
of individual relationships, information about the specific sequence is not available. This
information is obtained from the process mining models. Therefore, an integration of the

findings from both methods provides an in-depth analysis of the role of self-regulation during
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scientific reasoning and its impact on learning outcomes. Furthermore, an integration of the
converging findings from Study 2 and 3 resulted in the SRLSR theoretical model (see Figure
19) illustrating the relationship between specific self-regulation and scientific reasoning
processes. The findings illustrated in the SRLSR model provide the basis for future research
investigating the role of other self-regulation processes (e.g., reflection) and other scientific
reasoning processes (e.g., questioning, problem identification) and for designing new guidance

tools that can support their interplay during inquiry learning.

The second strength of this dissertation relates to the use of a variety of instructional
materials in the different studies. The inquiry simulations came from two domains in science
education — biology and physics. In biology, I investigated students’ scientific reasoning and
argumentation regarding the topics of photosynthesis (Studies 1 and 3) and population genetics
(Study 2). In physics, students solved an inquiry task on the topic of energy conversion in a
system (Study 3). Using a variety of topics and domains allows for the generalizability of the
findings in this dissertation, which are not constrained to only one simulation, topic, or domain.
Moreover, studies were conducted with university students (Studies 2 and 3) and secondary
school students (Study 1), providing insights into the inquiry learning processes of students in

different educational stages.

At the same time, there are certain limitations of the present research. The first
limitation concerns the difficulties with measuring scientific reasoning ability using tests. In
Study 2, prior scientific reasoning ability could not be controlled for because of the low
reliability of the scales that were used. Study 3 presented a different issue with scientific
reasoning ability tests. Identical items were used in the pre- and posttest to investigate whether
students improved in scientific reasoning ability. However, data from screen recordings and
time on task indicated that students simply provided identical answers in the posttest without
attempting to solve the questions again. Because of the rather short duration of the experiment
(1 hour and 30 minutes), students appear to have remembered their answers. The alternative of
using different items in the pre- and posttest presents difficulties with accurately measuring
learning gains. Consequently, scores on the scientific reasoning ability test did not provide
meaningful information about the impact of the instruction on students’ scientific reasoning
ability. Furthermore, scientific reasoning is not a single skill, rather it has multiple components
(i.e., epistemic activities, Fischer et al., 2014). Therefore, traditional measures of internal

consistency (e.g., Cronbach’s alpha) might not be suitable for assessing complex skills like
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scientific reasoning (cf. Stadler et al., 2021). This dissertation has also demonstrated the value
of using process measures to identify students’ scientific reasoning process, which I argue are
more meaningful measures of scientific reasoning. Nevertheless, these studies could not
establish a relationship between scientific reasoning ability and scientific reasoning processes.
In future research, tests of scientific reasoning, which can relate specific scientific reasoning
competencies (e.g., evidence generation) to process measures of scientific reasoning, should
be designed. Then, the predictive ability of such tests for actual inquiry behavior can be
assessed and the relationship between scientific reasoning ability and processes can be

investigated more reliably.

The second limitation of this dissertation pertains to the trade-off between collecting
and analyzing fine-grained process data that provides more insight into students’ learning
processes and instructional effectiveness. On the one hand, the use of screen recordings and
think aloud protocols provides meaningful information about students’ cognition,
metacognition, and behavior. On the other hand, the collection and analysis of such data require
a large time investment. Concurrent think aloud protocols require data collection in individual
sessions and prior studies are often based on rather smaller sample sizes (e.g., Bannert &
Mengelkamp, 2008; Bannert et al., 2014; Study 2). However, the findings in this dissertation
are based on an in-depth analysis of 157 participants (Studies 2 and 3) using concurrent think
aloud protocols. In addition to think aloud protocols, screen recordings were used in all three
studies (N =267 screen videos) to obtain information about students’ experimentation behavior
and scientific reasoning processes. A combination of both methods provided a first attempt to
conjointly investigate self-regulation and scientific reasoning processes. The findings from
these studies provide important insight into students’ learning processes, rather than solely
considering learning outcomes. Nevertheless, the increased demands regarding time and effort

invested into conducting this type of research need to be considered.

Last, the present studies focused more on investigating the relationship between
scientific reasoning and self-regulation processes in relation to argumentation quality (Studies
2 and 3) and less on conceptual understanding (Study 1) as a measure of learning outcomes.
Although Study 1 provided evidence regarding the combined role of students’ individual
prerequisites for conceptual understanding, no evidence about how students’ self-regulation
and scientific reasoning processes relate to conceptual understanding was provided.

Furthermore, it could not be established whether video modeling examples are also effective
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in supporting conceptual understanding, in addition to hypothesis and argumentation quality.
However, previous research has shown that video modeling was effective for supporting

conceptual understanding (Kant et al., 2017).

5. Conclusion

This dissertation provides an in-depth temporal investigation of students’ learning processes
during inquiry learning — an instructional method that is increasingly implemented in science
education to enhance scientific reasoning and argumentation. An integration of the findings
from the three studies in the SRLSR model revealed the association between students’
individual prerequisites, self-regulation processes, and scientific reasoning processes on

learning outcomes.

The studies in this dissertation demonstrate that both students’ prior motivational and
cognitive prerequisites need to be considered during inquiry learning. Furthermore, to better
understand inquiry learning, the interplay between students’ self-regulation and scientific
reasoning processes should also be considered. Evidence for the importance of this interplay
was provided by distinguishing students’ argumentation quality based on their conjoint use of
self-regulation and scientific reasoning processes. Further causal evidence for this interplay
was provided in an experimental study showing the effectiveness of an integrated instruction
of self-regulation and scientific reasoning for improving not only students’ learning outcomes
but also their conjoint use of these processes. The findings from this dissertation rely on the
use of advanced statistical methods necessary for providing an in-depth temporal insight into
the interplay of scientific reasoning and self-regulation processes. These findings highlight the
necessity of considering students’ cognitive and metacognitive processes and extending

research on inquiry learning beyond focusing on learning outcomes.
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Appendix A

Online Supplementary Material Study 2
Table A1

Mean Proportions (and SDs) of Scientific Reasoning, Self-Regulation, and Generic Cognitive

Strategies
Argumentation Quality
Process Low (n =15) High (n = 15) Total (N = 30)
Scientific Reasoning
Problem Identification 0 .006 (.022) .001
Hypothesis Generation
correct .003 (.008) .023 (.044) 011
incorrect .052 (.131) .014 (.031) .013
Evidence Generation
correct 235 (.153) 351 (.129) 337
incorrect 458 (.254) 223 (.173) 330
Evidence Evaluation
correct .058 (.094) 164 (.143) 147
incorrect .015 (.025) .049 (.103) .032
Drawing Conclusions
correct .003 (.009) .046 (.081) .023
incorrect .005 (.014) .008 (.026) .005
Self-Regulated Learning
Planning .001 (.005) .010 (.015) .010
Monitoring
negative .089 (.256) .022 (.041) .019
positive 0 .010 (.026) .003
Control .013 (.038) .028 (.047) .019
Generic Cognitive Strategies
Activation of Prior Knowledge .008 (.017) .017 (.031) .011
Self-Explaining
correct 057 (.127) .032 (.039) .034
incorrect .003 (.010) 0 .004
Total number of codes 25.00 (26.72) 27.47 (18.25) 787

Note. The Total column presents the proportion of each code in the whole sample.
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Table A2

Spearman Correlations Between Scientific Reasoning and Self-Regulation Processes and Argumentation Quality

Variables 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17
1. Argumentation 1.00

2. PI 19 1.00

3. HG correct .16 39* 1.00

4. HG incorrect -.14 -.10 -.004 1.00

5. EG correct 46* -.16 .05 -.38* 1.00

6. EG incorrect -51%% 0 -.06 -17 .06 -21 1.00

7. EE correct A43* .06 A1 -.19 19 -45% 1.00

8. EE incorrect 32 -.14 -.01 13 13 -.37* 46%  1.00

9. DC correct 39% 33 A1* -35 17 -.26 30 -.004  1.00

10. DC incorrect -.08 -.07 -.05 .05 =22 -.09 36% 34 -.25 1.00

11. Planning .30 -.09 .26 -.11 .10 -.02 22 .09 31 -.06 1.00

12. Monitoring .32 J2EEE 2D -.15 .08 -.24 -.09 .15 .16 -.10 -.13 1.00

(positive)

13. Monitoring .002 -.12 -.35 -.04 -39%  -18 24 14 -.18 43*  -05 -17 1.00

(negative)

14. Control 19 -.11 .30 -.01 .05 -.13 .07 13 .09 19 17 -.16 -.02 1.00

15. APK .10 A1* 24 -.13 .04 -.004 A1 -.16 29 -21 .06 23 -.35 17 1.00

16. SE (correct) .20 23 25 22 .08 -.16 A1 .03 .05 -.14 .14 .06 -.20 .16 -.05 1.00

17. SE (incorrect) -.08 -.05 13 -.15 .10 .09 .02 25 28 -.10 15 -.07 -.17 .08 11 17 1.00

Note. PI = Problem Identification, HG = Hypothesis Generation, EG = Evidence Generation, EE = Evidence Evaluation, DC = Drawing Conclusions,
APK = Activation of Prior Knowledge, SE = Self-explaining. Argumentation quality was measured on a scale from 0-6.

*p < 0.05, **p < .01, ***p < 001
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Appendix B
Online Supplementary Material Study 3

Training Task

Epistemic Network Analysis

Along the X axis, a two sample #-test showed that the centroid of the VM group (M =-0.16, SD
= 0.78, N = 37) was not significantly different from the VMP group (M = -0.05, SD =091, N
=29; 1(55.53) =0.52, p = .60, d = 0.13). Along the Y axis, a two sample ¢-test showed that the
position of the VM group (M = 0.03, SD = 0.73, N = 37) was not significantly different from
the position of the VMP group (M = 0.11, SD = 0.75, N = 29; #(59.54) =-042, p = .67, d =
0.11). These findings indicate that, in the training task, the epistemic networks of participants
in the two video modeling conditions did not differ significantly from each other. From Figure
B1 we can see that the networks of the two conditions did not differ substantially. We observe
slightly stronger connections between planning, monitoring, evidence generation, and evidence
evaluation, indicated by red lines in Figure B1. In the VM condition, we observed stronger
connections between monitoring and problem identification, evidence generation and drawing
conclusions, and problem identification and drawing conclusions than in the VMP condition.
However, since we found no significant differences between the centroids, these differences are
purely descriptive. Similar to our findings on the product level, we found no significant

differences on the process level between the two video modeling conditions.
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Figure B1

The Network Difference between the VMP (red) Condition and the VM (blue) Condition
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Transfer Task
Epistemic Network Analysis

VMP and VM vs. Control. Along the X axis, a two sample #-test assuming unequal
variance showed that the position of the VMP and VM centroid (M = -0.04, SD = 0.89, N =
66) was not significantly different from the control (M = 0.11, SD = 0.94, N = 22; #(34.29) = -
0.63, p=.53,d=0.16). Along the Y axis, the centroid of VMP and VM (M = 0.06, SD = 0.68,
N = 66) was not significantly different from the control (M =-0.19, SD =0.71, N =22; #(34.90)
=-1.43, p = .16, d = 0.36). These findings indicate that there were no significant differences
between the epistemic networks of the two video modeling conditions and the control condition
in the transfer task. Figure B2 shows that participants in the video modeling conditions (green)
made more connections between control, planning, evidence generation and hypothesis
generation. Participants in the control condition (purple) were monitoring during problem
identification and integrated evidence generation, evidence evaluation, and drawing
conclusions. However, since we found no significant differences between the centroids, these

findings are purely descriptive.
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Figure B2

The Network Difference between the VMP and VM (green) and the Control (purple) Conditions
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VMP vs. VM. Along the X axis, a two sample #-test showed that VMP (M = 0.17, SD
=0.89, N=28) was not significantly different from VM (M =-0.19, SD =0.86, N=38; #(57.37)
=-1.62, p = .11, d = 0.40). Along the Y axis, the centroid of VMP (M = 0.02, SD = 0.73, N =
28) was not significantly different from VM (M = 0.09, SD = 0.66, N = 38; #(54.76) =-0.43, p
=.67,d =0.11). In the transfer task, participants in the VM condition had stronger connections
between monitoring, control and all other scientific reasoning processes than the VMP

condition, see Figure B3.
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Figure B3
The Network Difference between the VMP (red) and the VM (blue) Condition
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Process Mining

We used process mining to compare the video modeling conditions and the control condition.
Figure B4 illustrates that Problem Identification, Control, and Planning were disconnected from
other processes. Again, Control had self-loops, indicating that participants engaged in Control
successively, but not consistently before or after another activity. There were strong reciprocal
links between Evidence Generation and Self-Explaining, Hypothesis Generation and
Monitoring, Monitoring and Evidence Evaluation. Participants were first evaluating evidence

and then drew a conclusion, which corresponds to models of scientific reasoning.
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Figure B4

The Process Model of the Two Video Modeling Conditions Combined (n = 66)

Problem Evidence Evidence .
: 0.999 h 0.995 Control . Plannin
Identification Generation 2140 Evaluation 1 . %_5’3 o g
44 2245 593
A
0.857 0.857 0.962 0.8 0.8
46 40 36 20 36
A
Self- Drawing -
explaining 01,18 Conclusions 0.?086 Mon;tgnng 0.;)547
51 110
A
0.667 0.667
8 20

Hypolhe;ls 0.909
Generation 14
46

Note. The top number (referring to the arrows) represents the dependency (0-1), and the number

below represents the frequency of each sequence. The numbers in the boxes represent the

occurrence of each process.

In the control condition (Figure B5), Hypothesis Generation was disconnected from
other processes like in the training task. Problem Identification was followed by Evidence
Generation, however with a weaker dependency (0.67). Next, Evidence Generation had
reciprocal relationships with Self-Explaining and Evidence Evaluation. Monitoring was
connected to Problem Identification and Self-Explaining, but rather weakly and rarely
(frequencies 6 and 4, respectively). Evidence Evaluation was the final activity in the model and

Drawing Conclusions was disconnected from other processes.
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Figure B5S

The Process Model of the Control Condition (n = 22)
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Note. The top number (referring to the arrows) represents the dependency (0-1), and the number
below represents the frequency of each sequence. The numbers in the boxes represent the

occurrence of each process.
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