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Abstract

Many of the learning outcomes that are attributed to laboratory classes can be achieved
outside the laboratory, for example by student preparation. The aim of the research
described in this thesis was to design virtual experiment environments (VEEs) that help
students prepare for laboratory classes. Given the limited information on the design of
such learning materials, the central question of this dissertation was: How to design a
VEE that helps students to prepare for laboratory classes? To answer this question, I
adopted the educational design research (EDR) approach. This approach is committed to
develop theoretical understanding and practical solutions simultaneously, and involves
three phases: i) analysis & exploration, ii) design & construction, and iii) summative
evaluation. In the analysis & exploration phase, the complex educational problem and
its context were defined, based on which the potential of VEEs as preparation tools for
laboratory classes was established. In the design & construction phase, solutions for the
complex educational problem were explored, which finally resulted in the design of four
VEEs. Based on recurrent testing and formative evaluations of the VEEs, a blueprint
was established that consists of three design requirements, fourteen design principles,
and a design architecture. Such information in the context of VEEs is new to literature,
and has the potential to help teachers and instructional designers to design high quality
VEEs. In the summative evaluation phase, the designed VEEs were implemented and
evaluated in the learning situation. Based on the results of the summative evaluation,
the blueprint that resulted from the design & construction phase was evaluated and
fine-tuned. In conclusion, the complex educational problem was solved by the practical
solutions: the VEEs. The theoretical understanding acquired in the EDR process, which
was captured in the blueprint, which is the answer to the central research question.
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1.1 Replacing laboratory classes? 3

Welcome to my dissertation! Inside, you will find a lot of information about the design
of virtual experiment environments (VEEs). Before I go into details about VEEs, let me
take you back to the beginning.

1.1 Replacing laboratory classes?

Several years ago, I set off to answer the trigger question: To what degree can laboratory
classes be replaced by other learning activities? This is a bit of a tricky question for three
reasons. First, laboratory classes contribute to teaching students how to ‘do” science
(Seery etal., 2019). Second, many teachers enjoy being personally involved in the teaching
of, and are mentally attached to ‘their” laboratory class. Third, students generally enjoy
laboratory classes. I hear you thinking: Why mess around with something that seems
essential for science education, and also seems to make everyone happy?

Before we continue, I would like to draw your attention to the definitions of
laboratory education, laboratory classes, and laboratory work. Laboratory education
is an umbrella term that encompasses i) pre-lab: student preparation for laboratory
classes, ii) the laboratory classes (including the laboratory work), and iii) post-lab:
all activities that may happen after completion of the laboratory work, such as
processing raw data into results, results interpretation, and communication of
the results (e.g. by giving a presentation or by writing a report). Laboratory
classes include everything that happens in the physical laboratory (such as teacher
explanations, laboratory work, and feedback). Laboratory work refers to the actual
execution of protocols.

In 1924, a study was done to investigate the effect of supplementary laboratory work
on exam results. The conclusion was that the retention of information was better after
supplementary laboratory work than after solely studying from a textbook (Bowers,
1924). In the eighty years since, “researchers have not comprehensively examined the
effects of laboratory instruction on student learning and growth in contrast to other
modes of instruction, and there is insufficient data to confirm or reject convincingly many
of the statements that have been made about the importance and effects of laboratory
teaching” (Hofstein and Lunetta, 2004). And even today, it remains surprisingly difficult
to find evidence that the time, effort, and costs invested in laboratory classes are in
balance with students” achievement of intended learning outcomes (ILOs) during
laboratory education (Bretz, 2019). So, when considering to (partially) replace laboratory
classes, we need to evaluate their efficiency in terms of whether students achieve the
ILOs.

The relation between learning outcomes and laboratory education has been subject of
several studies (e.g. Abdulwahed and Nagy (2009), Agustian (2020), and Kirschner and
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Meester (1988)). In most of these studies, the (context dependent) learning outcomes
are not presented. Instead, there is a large body of literature on general goals and
learning domains (Agustian, 2020; Kirschner and Meester, 1988; Reid and Shah, 2007;
Tamir, 1976). Examples of such general goals are: “to use laboratory skills in performing
(simple) experiments”, and “to interpret experimental data”. Over the past years, I
learned that many teachers in our university combine multiple of such general goals to
define one generic learning outcome for the entire laboratory education. For example:
“Design and conduct experiments and to analyse and interpret the results of these
experiments”. Even though this generic learning outcome is in place, I noticed that
teachers do have an implicit list of ILOs in their mind. I argue that it is essential to the
success of laboratory education, for both students and teachers, to make those ILOs
explicit. Once those ILOs are explicit, it is possible to check whether they are aligned
with the activities students actually do during the laboratory classes.

So, to provide a theoretical answer to the trigger question, the following two questions
must be answered for any specific course: i) What are the ILOs of the laboratory class,
and ii) which of those ILOs could be achieved outside the laboratory? As further
elaborated on in chapter 2, teachers almost always select a combination of ILOs that can
only be achieved in the laboratory (e.g. obtain hands-on experience), and ILOs that can
be achieved outside the laboratory (e.g. interpret experimental data). In other words,
to completely replace a laboratory class is generally not doable as long as we do not
dispute the reported ILOs. We could, and perhaps should, place some question marks
as to whether each laboratory class needs to focus on obtaining hands-on experience.
Seery et al. (2019) present a curriculum model for laboratory learning, consisting of five
stages. Each stage has a different focus, where only the first stage focuses on developing
experimental skills, competence, and laboratory procedures (i.e., obtaining hands-on
experience). So, in the early stages of laboratory learning, the focus should be on
obtaining hands-on experience, and over time this focus shifts to other ILOs such as
experimental design.

In conclusion, some of the ILOs that are generally attributed to laboratory classes can
only be achieved in the laboratory, while others can also (and perhaps better) be achieved
outside the laboratory. When it comes to replacing ILOs that can be achieved outside
the laboratory by other learning materials, literature is not outspoken. Instead, there
is a general consensus that student preparation prior to laboratory classes will increase
the quality of knowledge construction during the laboratory classes (Bannert, 2002;
Johnstone, 1997; Rutten et al., 2012).
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1.2 Non-traditional labs to prepare students for labora-
tory classes

A large variety of learning materials such as presentations, pre-laboratory questions,
and quizzes have been designed in order to help students prepare for laboratory classes
(Gregory and Di Trapani, 2012). The last decade, the focus lies on non-traditional labs
(NTLs), which can for example be defined as computer simulations, virtual labs, or
remote labs (Alkhaldi et al., 2016; Brinson, 2015; Budai and Kuczmann, 2018; Faulconer
and Gruss, 2018; Hartog et al., 2009; Heradio et al., 2016; Ma and Nickerson, 2006;
Potkonjak et al., 2016; Rutten et al., 2012). The definitions of such NTLs vary among
authors. Since literature does not present standard terminology for NTLs (Faulconer
and Gruss, 2018), I chose to use the more general term: virtual experiment environment
(VEE) in this dissertation. A VEE is defined as “Any educational resource that enables
students to design and/or to carry out virtual experiments and/or to process data, and
to analyse and interpret results” (Hartog et al., 2009, p. 376).

What stands out in publications about NTLs, is that they hardly provide any details on
how the NTLs were designed. Instead, NTLs are often used as the context of another
study. For example, many studies focus on the effect of a NTL on student learning:
Did students learn (more), and can this learning be related to a construct such as
self-regulated learning (Brydges et al., 2015)? As an educational designer, I was missing
the link between established guidelines for designing instruction and the design of the
NTLs. This resulted in my central research question: How to design a VEE that helps
students to prepare for laboratory classes?

1.3 Educational design research approach

On my quest to find an answer to the central research question, I adopted the educational
design research approach. Educational design research can be defined as “a genre
of research in which the iterative development of solutions to practical and complex
educational problems also provides the context for empirical investigation, which
yields theoretical understanding that can inform the work of others” (McKenney and
Reeves, 2019, p. 6). What sets this type of research apart from many other types of
research, is that it is committed to develop theoretical understanding and practical
solutions simultaneously (Bakker, 2018; McKenney and Reeves, 2019; Plomp, 2013). The
educational design research approach typically consists of three phases: i) analysis &
exploration, ii) design & construction, and iii) summative evaluation. These phases are
described in detail in chapter 3, and are represented by the different chapters throughout
this dissertation. Figure 1.1 provides a schematic representation of the educational
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design research approach. In the following sections, which are categorized based on the
three phases of educational design research, I will shortly introduce each chapter.

educational problem

'

ANALYSIS and
EXPLORATION

|

design requirements

/ ( design principles \

FORMATIVE DESIGN

EVALUATION
LCONSTRUCTION <—J

SUMMATIVE [ 3]
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[ virtual blueprint !]
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Figure 1.1: Schematic representation of the educational design research approach, with
corresponding chapters in this dissertation.
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1.3.1 Analysis & exploration phase

The analysis & exploration phase is represented by chapter 2. In this chapter, the complex
educational problem and its context were defined. Stakeholders were identified, and
provided with a questionnaire to get their opinion about the current state of laboratory
education. Several explorative follow-up interviews were conducted to get a more
complete overview. Based on the results of the questionnaire, the interviews, and
literature research, it was concluded that there is potential for laboratory simulations
(which will later be referred to as virtual experiment environments) as preparation tools
for laboratory classes, and an initial list of design requirements was identified, which
was used as the starting point for the design & construction phase.

1.3.2 Design & construction phase

The design & construction phase is represented by chapters 3, 4, and 5. In chapter 3, a
blueprint to design virtual experiment environments is provided. Following an extensive
description and overview of the educational design research approach, solutions for
the complex educational problem (chapter 2) were explored, which finally resulted in
the design of four virtual experiment environments (VEEs). Based on recurrent testing
and formative evaluations of the VEEs, a blueprint was established that consists of
three design requirements, fourteen design principles, and a design architecture. Such
information in the context of VEEs is new to literature, and has the potential to help
teachers and instructional designers to design high quality VEEs.

In chapter 4, a showcase of a VEE is provided. The user interface, the available
interactions, and the feedback- and support mechanism are presented and discussed.
This contextual information is limited in many publications (including my own, in
chapters 6 and 7) that use an existing environment to study a construct such as self-
regulated learning. The showcase, when combined with the blueprint (chapter 3),
helps to place the studies presented in this thesis in the right context, and gives a
complete overview that may as such provide guidance and/or inspiration to teachers
and educational designers.

In chapter 5, an extension of the initial design (chapters 3 and 4) is introduced and
evaluated. The extended design is focused on students” understanding of protocol steps,
by enriching existing protocols with theoretical, practical, troubleshooting, and/or
calculation questions, to form interactive protocols.

1.3.3 Summative evaluation phase

The summative evaluation phase is represented by chapters 3, 5, 6, and 7. In chapters
3 and 5, the designs were mostly evaluated based on questionnaires, so that means
based on students’ self-reported data. The disadvantage of self-reported data is that
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the assumption must be made that students are capable of reflecting on their own
behaviour, are willing to answer the questions honestly, and that all students have the
same interpretation of the questions. To obtain more objective information on student
behaviour in the VEEs, data logging was introduced in chapters 6 and 7.

In chapter 6, a VEE was used as the context for exploring the relation between students’
perceived level of self-regulated learning (SRL), their achieved learning outcomes in the
VEE, and their logged behaviour in the VEE.

In chapter 7, sequential pattern mining was used to study how students use support
while doing calculations in a VEE. The use of support was related to students’ learning
gain and prior knowledge, with the goal to evaluate the support mechanism that is part
of the blueprint (chapter 3).

In chapter 8, I discuss my findings from the perspectives of the university teacher, the
educational designer, and the educational scientist.



Chapter 2

Exploring the potential of simulations as
preparation tools for university labora-
tory classes

This chapter was published as:

S. Verstege, J. Van der Kolk, J. Diederen, R. J. Hartog, and H. Gruppen (2016). “Exploring
the potential of simulations as preparation tools for university laboratory classes”.
In: EDULEARN16 Conference. 8th International Conference on Education and New
Learning Technologies. IATED. por: https://doi.org/10.21125/edulearn.2016.1429
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Abstract

Laboratory classes play an important role within university level curricula in natural
sciences. Although widely used, there is no evidence that the time, effort and costs
invested in laboratory education is in general balanced by its contribution to intended
learning outcomes. In the study described in this paper, teachers (N = 144) from
13 universities, including 3 universities of applied sciences, in The Netherlands have
participated in a survey on laboratory education. According to 53% of the teachers,
students could learn more from laboratory education than they currently do. This
was, among others, attributed to poor preparation by the students. Although 88% of
the teachers claimed that student preparation for laboratory education is important,
only 24% of all the teachers indicated that their students are adequately prepared
before entering the laboratory class room. A quarter of the respondents selected the
use of laboratory simulations as a suitable approach to address this problem. We
concluded that there is a potential for laboratory simulations as preparation tools. Based
on literature, survey results, and interviews, an initial list of design requirements for
laboratory simulations was formulated. This list can be used as a starting point for the
evolutionary development of laboratory simulations.
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2.1 Introduction

At university level, laboratory education plays an important role in most natural sciences
curricula. Since long there are serious doubts as to what students actually learn from
laboratory classes (Abdulwahed and Nagy, 2009; Hawkes, 2004; Hawkins and Phelps,
2013; Kirschner and Huisman, 1998; Kirschner and Meester, 1988). In general, costs
of laboratory classes in terms of facilities, equipment and efforts of staff and students
are considerable, but it is surprisingly difficult to find evidence for resulting benefits in
terms of achieved learning outcomes. During laboratory education, students’ cognitive
abilities are challenged since they have to process a lot of information. In combination
with insufficient knowledge of the background theory of the experiments they are
about to perform, this might lead to cognitive overload (Johnstone, 1997; Limniou
and Whitehead, 2010). The cognitive load theory (CLT) is “a theory stating that
human limited working-memory capacity has far-reaching implications for teaching and
learning. Well-designed training systems prevent cognitive overload, decrease cognitive
load that is not relevant to learning, and optimize cognitive load relevant to learning
(Van Merriénboer and Kirschner, 2012).” If students obtain so much information at a
specific time that the working memory is overloaded, the problem solving ability is
hampered (Sweller, 1994). From CLT it follows that well prepared students or students
with sufficient laboratory experience have a lower cognitive load compared to students
who are poorly prepared and have little experience in a laboratory setting (Bannert,
2002; Winberg and Berg, 2007). In practice, to cope with the cognitive demanding
situation, students tend to blindly follow instructions, relying on working strategies
that help them to reach the ‘finish’ of the laboratory class (Johnstone, 1997). As a result,
learning tends to be limited to hands-on experience. Careful preparation that reduces
cognitive load that is not relevant for learning and helps to prevent cognitive overload
during laboratory class, requires effort from both teachers and students. Teachers should
prepare the pre-laboratory work as carefully as the laboratory manual itself (Johnstone
and Al-Shuaili, 2001), and students should be motivated to prepare for laboratory
classes.

Literature reports several activating pre-laboratory activities, such as writing synopses
of experiments to be carried out, pre-laboratory discussions, designing experiments,
and carrying out pre-laboratory simulation exercises (Limniou et al., 2007; Lyle and
Robinson, 2002; Rollnick et al., 2001; Van der Kolk et al., 2013; Winberg and Berg,
2007). Writing synopses of the experiments, which are to be carried out in a pre-
laboratory session helped students to meet the intended objectives of the laboratory,
and supported the students in their practical work (Lyle and Robinson, 2002). Pre-
laboratory discussions have been used to clarify misconceptions, as well as the writing
of synopses. The pre-laboratory discussions were especially useful for the well prepared
students. The writing of synopses resulted in increased interaction with the manuals
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(Rollnick et al., 2001). Also, a web-based experiment designer to support students in
designing a research strategy for laboratory education has been used. This experiment
designer was highly valued by students and teachers and was used intensively (Van
der Kolk et al., 2013). Simulation exercises have been developed and used to do complex
equilibrium calculations in a pre-laboratory setting. The simulation was found to benefit
all students (Winberg and Berg, 2007). Furthermore, a viscosity simulator was integrated
in a pre-laboratory session. After this pre-laboratory session, students were able to
perform the experiment in the laboratory without further guidance, and students had
an improved understanding of the theory that belongs to the experiment (Limniou et al.,
2007). Simulations can be very powerful tools for students to learn how a complex or
dynamic system behaves (Hartog et al., 2009; Pirker and Giitl, 2015). Such simulations,
along with the majority of simulations that can be found on the internet, only target
one specific experiment or theory. The focus of the present paper is on the design
of e-learning in the form of virtual experiment environments (VEEs) as preparation
tools for laboratory classes. The additional value of a VEE over the before mentioned
simulations is that it can comprise the complete process of research, which means that
it is not limited to simulating one specific part of it. Hartog et al. (2009, p. 376) define
a VEE as “any educational resource that enables students to design and/or to carry
out virtual experiments and/or to process data, and to analyse and interpret results.”
In the context of this paper the term ‘laboratory simulation” is used interchangeably
with “VEE'". In preparation for laboratory education, students can use a VEE to study the
background theory involved in the experiment, obtain more confidence in performing
the required calculations, get a clear view on the apparatus to be used and how the
experiment is performed, and understand why they are doing the experiment in a wider
context (Kirstein and Nordmeier, 2007; Lambourne, 2007; Mercer-Chalmers et al., 2004).
The challenge is to design, develop and implement VEEs that motivate and support
students to prepare for specific laboratory classes.

The aim of the research described in this paper was twofold. First, the potential of
VEEs as preparation tools for university laboratory classes was explored, in particular
insofar it is related to the opinions, attitudes, and experiences of teachers with respect
to laboratory simulations and eventually VEEs. Second, since designing a VEE requires
a clear definition of the requirements of such learning material, an initial list of design
requirements for a VEE were developed. These two aims, the exploration and the
description of the design requirements, form the start of the design oriented research
for the development of successful VEEs in the future.
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2.2 Elicitation of goals and requirements

2.21 Survey on laboratory education

To explore the potential of VEEs as preparation tools for university laboratory classes,
a survey was distributed amongst faculty and coordinators of laboratory education
at universities and universities of applied sciences in The Netherlands (N = 13). All
teachers of whom public contact information was available were approached (N = 737),
which led to 144 responses.

This survey had three foci: A) The learning goals of laboratory education; B) Stu-
dent preparation for laboratory education; C) E-learning in relation to laboratory
education.

To determine what teachers find the most important learning goals of their laboratory
education (focus A), general learning goals, defined by Kirschner and Meester (1988)
were given, after which teachers selected which ones were most important to their
laboratory education. This leads to the following list, including the proportion (%) of
teachers who selected these goals (Table 2.1):

Table 2.1: Survey results related to the learning goals of laboratory education (focus A).

# Learning goal Selected by
S1 The student obtains hands-on experience in the laboratory 92%
S2  The student learns to interpret data 88%
S3  The student learns to plan experiments 67%
S4 The student learns to clearly describe the experiment 58%
S5 The student remembers theory for a longer period of time 51%
S6 The student learns to use knowledge and skills in unfamiliar situations 51%
S7 The student learns to solve problems 47%
S8 The student learns to formulate hypotheses 43%

In line with foci A, B, and C, four statements were given, which teachers rated on a
scale of 1 to 5. Teachers were also asked to explain their answers in follow-up questions.
As shown in Table 2.2, 53% of all teachers indicated that their students could learn
more from laboratory education than they currently do. From a follow-up question
related to this statement, it became clear that this is mostly related to lack of time, large
groups, and student attitude. 88% of the teachers reported that student preparation is
important, whereas 24% of the teachers reported that their students enter the laboratory
well prepared. This was attributed to the lack of need for students to prepare.
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Table 2.2: Survey results (1 = disagree, 2 = somewhat disagree, 3 = agree nor disagree, 4 =
somewhat agree, 5 = agree).

# Focus Statement Answers (%) Yo
1 5 445

9 A Students could leérn more from my 3 o 14 53
laboratory education

s10 B Studen‘t pr‘ep.arahon for laboratory 5 50 I
education is important

s11 B My students are well prepared 10 P 1 3
when they enter the laboratory
I am enthusiastic about the concept

S12 C of a laboratory simulation which helps 8 9 E¥ 9 41
students to prepare for laboratory classes

Focus C was on e-learning in relation to laboratory education. Teachers were given 6
different types of e-learning materials, and asked to indicate which e-learning materials
they found most suitable for their laboratory education. The results are shown in Tables
2.2 (512) and 2.3. Overall, 27% and 41% of the teachers indicate that they wish to
use a laboratory simulation (S18), and that they are enthusiastic about the concept of
a laboratory simulation which helps students to prepare for laboratory classes (512),
respectively. As can be seen from S12, 42% of the teachers responded neutral. In a
follow-up question, many teachers explained that since they did not know what to
expect, they answered neutral.

Table 2.3: Survey results related to type of e-learning (Focus C).

#  Type of e-learning Selected by
S13 E-learning that forces students to prepare 70%
S14 E-learning that reduces the work-load for teachers 36%
S15 E-learning for the design of experiments 32%
S16 Electronic lab journal 30%
S17 E-learning for registration in the lab 27%

S18 E-learning in the form of a laboratory simulation ~ 27%

2.2.2 Explorative follow-up interviews

In the survey, teachers could indicate whether they were willing to participate in a
follow up interview. As a result, in 18 explorative follow-up interviews, the potential of
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laboratory simulations as preparation tools was discussed in a semi-structured manner.
The aim of these interviews was to gather possible design requirements for a VEE. In
random order, the following points have been suggested by the teachers:

I1 The simulation should lead to time-saving for both students and teachers during
the laboratory class.

I2 The simulation should incorporate all aspects of doing research, except for the
‘wet’ part.

I3 The simulation should stimulate students to make predictions and to critically
reflect the obtained results.

I4 The simulation should contain a toolbox, from which students can select meth-
ods/tools, enabling them to design their own experiments.

I5 The simulation should include all theory behind the experiments.
I6 The simulation should allow for peer-reviewing of e.g. the experimental design.

17 The simulation should provide accurate results based on variable inputs, initiated
by student’s choices, so that every student could have a unique experience.

I8 The simulation should be accessible at any time of day.

I9 The simulation should stimulate students to make carefully considered choices.
I10 The simulation should provide data and statistics for teachers.
I11 The simulation should be maintainable by teachers.
I12 The simulation should provide feedback based on student input.

I13 The simulation should be tailor-made to the specific laboratory course.

2.3 Design requirements for a virtual experiment envi-
ronment

Based on literature, survey results, and interviews, an initial list of design requirements
for a VEE was formed. Table 2.4 shows the specified design requirements, examples of
how to evaluate whether the requirements are satisfied, and indicates on which results
from the survey and interviews the design requirements are based. The following
design requirements can be used to develop a VEE. After implementation of a VEE in
university level education, evaluation should point out if the design requirements are
met and to what extent the set of design requirements should be adjusted. When asking
student opinions on whether a specific design requirement is satisfied, survey questions
could be distributed, which have a five point rating scale (1=disagree, 5=agree).



Table 2.4: The initial design requirements and evaluation criteria for a VEE

#  Design requirement (the VEE should) Examples of how to evaluate whether the requirement is satisfied Based on
1  Motivate students to prepare for laboratory class i) Ask whether students feel motivated to prepare for laboratory S5, S6
education by means of the VEE
if) Monitor how many students worked in the VEE and for how long
2 Prepare students for laboratory class i) Ask whether students think that they are better prepared for S5, 56
laboratory class due to their preparation with the VEE
A) In an effective way ii) Ask whether students feel adequately prepared for laboratory
B) In an efficient way class due to their preparation with the VEE
iii) Ask whether teachers experience that their students are well
prepared for laboratory class
iv) Ask whether students experience the VEE as efficient way of preparation
3  Enable students to design and plan their own experiment i) Ask whether students were able to design and plan their own experiments 53, 510,
by means of a toolbox, and therefore provide using the experiment database 14,15
ii) Ask whether students found the available theory behind the experiments adequate
A) A database of experiments iii) Monitor the student use of available experiments, and monitor
B) Theory behind the experiments the use of available theory
4 Require students to make predictions, to interpret i) Ask whether students were required to make predictions, to interpret S2,13
simulated data and to reflect on results critically simulated data, and to reflect on results critically
ii) Monitor how students reply to in-simulation questions regarding
predictions, data interpretation, and reflection on results
5 Reduce unnecessary cognitive load to a minimum Ask expert reviewers to evaluate the preparation tool with respect to this requirement *
6  Require students to make carefully considered choices Ask students whether they were required to make carefully considered choices 9
7 Provide useful data and statistics for teachers Monitor if teachers used data and statistics from the VEE 110
8 Be maintainable by teachers Ask whether teachers were able to maintain the VEE 1
9  Provide feedback based on student input Ask whether students obtained sufficient feedback based on their input 112
10 Be tailor-made Ask whether teachers were satisfied with this aspect of the VEE 113

11 Imply an acceptable balance of costs and benefits

Let all stakeholders review and judge the costs and benefits

*%

* Clark and Mayer, 2016
** Hartog et al., 2012
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2.4 Discussion and conclusions

The aims of this research were: to explore the potential of VEEs as preparation tools for
university laboratory classes and to come up with an initial list of design requirements
for such a VEE. Regarding the potential of VEEs: the fact that students are often not
well-prepared to enter the laboratory class seems to be a widely recognised problem
(results S10 and S11). E-learning could be a means to address this problem (513). A
quarter of the respondents selected VEEs as a suitable approach. Based on these results
we conclude that there is a potential for VEEs as preparation tools. It must be taken
into account, that we left it to the respondents to have their own interpretation of the
term ‘laboratory simulations’. This was by design because of the explorative nature of
this research. It might well be that the number of respondents who selected VEEs as a
suitable approach reflects the percentage of early adopters and that the real potential
might be larger. Regarding the initial list of design requirements for a VEE: we were able
to formulate a useful list. This list can be used as a starting point for an evolutionary
development of a VEE (Dyba and Dingseyr, 2008).

One of the design requirements (#11) states that the VEE should imply an acceptable
balance of costs and benefits. The costs related to the development of a dedicated VEE
are spread over a smaller number of students when compared to a generic VEE, which
means dedicated VEEs have a higher costs-per-student. The higher costs-per-student
for development of a dedicated VEE can possibly be lowered by a) making only a
part of the VEE dedicated; b) building and implementation of an environment which
allows a low-cost conversion of generic VEE parts to dedicated VEE parts; and c) by
sharing building blocks which are being used in different dedicated VEEs. The expected
benefits are a) students could achieve learning goals that would not be achieved without
preparation using the VEE; b) laboratory classes become more attractive for both students
and teachers; and c) The integral costs-per-student, including the costs of laboratory
classes, which might even (partially) be replaced, can probably be significantly lowered
when students enter the laboratory well-prepared.
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Abstract

Laboratory education plays an indispensable role in university level natural science
curricula. To achieve all intended learning outcomes of laboratory education, students
should be carefully prepared before they enter the laboratory. This can be done by means
of non-traditional labs (NTLs), and more specifically, virtual experiment environments
(VEEs). Although VEEs are increasingly being used in higher education, there is a
lack of studies that provide actionable guidelines on how to design such VEEs. The
goal of this study was to provide general design requirements, design principles, and
a design architecture that can be used as a blueprint to design VEEs. To achieve our
goal, we used an educational design research approach to design four VEEs, which have
been evaluated in real educational contexts. Besides establishing three general design
requirements, fourteen corresponding design principles, and a design architecture
based on the insights gathered during the educational design research process, we
also included detailed information on how they can be applied. Such information in
the context of VEEs is new to literature, and has the potential to help teachers and
instructional designers to design high quality VEEs.
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3.1 Introduction

3.1.1 Non-traditional labs

Laboratory education plays an indispensable role in university level natural science
curricula. Kirschner and Meester (1988) defined eight student-centered general learning
outcomes for university level laboratory education. Three of those general learning
outcomes: obtaining hands-on experience, using knowledge and skills in unfamiliar
situations, and solving problems, can only fully be achieved in a laboratory class.
The other five general learning outcomes: planning experiments, interpreting data,
describing experiments, remembering theory for a longer period of time, and formulating
hypotheses, are often considered as intended learning outcomes of laboratory education
(chapter 2), although they may well be achieved outside the laboratory (Carnduff and
Reid, 2003; Reid and Shah, 2007). To help students achieve those five learning outcomes,
and to help students prepare for the three learning outcomes in the laboratory, part
of the laboratory education should take place outside the laboratory in the form of a
targeted preparation assignment (Bannert, 2002; Winberg and Berg, 2007). Targeted
preparation can be done using non-traditional labs (Rutten et al., 2012).

A large variety of non-traditional labs (NTLs) such as computer simulations, virtual
laboratories, and remote laboratories have been introduced, reported, and reviewed in
literature (Alkhaldi et al., 2016; Brinson, 2015; Budai and Kuczmann, 2018; Faulconer
and Gruss, 2018; Hartog et al., 2009; Heradio et al., 2016; Ma and Nickerson, 2006;
Potkonjak et al., 2016; Rutten et al., 2012). Reported advantages of NTLs are: i) they
can simulate dangerous, time-consuming, and expensive experiments, ii) they are not
restricted by factors such as limited space and equipment, which makes them suitable
for distance learning, and iii) they can promote learning from mistakes, without causing
a significant increase in time, effort or costs. Based on these advantages, we believe
that NTLs are not only suitable for stand-alone assignments, but also as assignments to
prepare students for doing experiments in the laboratory.

NTLs are increasingly being used in higher education (Faulconer and Gruss, 2018), which
calls for studies that provide actionable information on how to design them. Studies that
focus on the design of NTLs are often categorised as design-based research, or, more
specifically, educational design research. This kind of research requires collaboration
between researchers and practitioners (Anderson and Shattuck, 2012; Dunn et al., 2019;
Koivisto et al., 2018). Despite the increasing number of initiatives, such collaborations
are difficult to establish, as it often turns out to be challenging for researchers and
practitioners to share a common understanding of where a project is headed (McKenney
and Reeves, 2019).

When engaging in educational design research, we distinguished three relevant cat-
egories of publications. The first category contains literature that provides detailed
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information on how to set up educational design research (e.g. Bakker (2018), Chen
and Reeves (2019), McKenney and Reeves (2019), and Plomp (2013)). The second
category provides guidelines for designing instruction. These guidelines are based on
learning sciences, which developed an understanding of how technology can be used to
foster learning (e.g. Clark and Mayer (2016), Mayer (2009a), and Van Merriénboer and
Kirschner (2018)). The third category describes case studies based on an educational
design research approach (e.g. Brahm (2017), Euler and Collenberg (2018), Koivisto et al.
(2018), Lambert and Jacobsen (2019), and Thomas et al. (2019)). Such studies generally
combine literature of the first two categories to make informed design choices.

Despite the value of the guidelines in the second category, we were unable to find case
studies that provide detailed information on the application of such guidelines to design
a NTL. Most case studies in the field of educational design research (the third category)
provide limited practical information regarding the design of innovations (know how),
which, when it would be combined with learning theories (know why), would provide
valuable information for the design of future innovations (Bereiter, 2014; Kidron and
Kali, 2017; Zheng, 2015).

3.1.2 Educational design research approach

Educational design research can be defined as “a genre of research in which the iterative
development of solutions to practical and complex educational problems also provides
the context for empirical investigation, which yields theoretical understanding that can
inform the work of others” (McKenney and Reeves, 2019, p. 6). This type of research can
be subdivided into several phases (see e.g. Bakker (2018), Branch (2009), Cronje (2013),
and McKenney and Reeves (2019)). Although the exact naming and division of the
phases varies slightly according to different authors, their content is similar, and we will
present them as i) analysis & exploration, ii) design & construction, and iii) summative
evaluation.

The analysis & exploration phase involves i) defining the complex educational problem,
ii) defining the context of this problem, and iii) identifying and meeting involved
stakeholders (McKenney and Reeves, 2019). This will result in a design goal, a set of
contextual design constraints, and a list of design requirements. A design constraint is
“a limit or restriction on the features or behaviours of the design. A proposed design is
unacceptable if these limits are violated” (Dym et al., 2014, p. 7). Design requirements
define the goal of a design process, and make explicit how one can observe or measure
whether the design goal has been reached (Hartog et al., 2013). The design requirements
can be used as a starting point for design & construction.

The design & construction phase includes i) the exploration of solutions, such as gener-
ating, considering, and checking ideas (McKenney and Reeves, 2019), ii) the mapping
of solutions, in form of design principles (Van den Akker, 2013), and iii) construct-
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ing prototypes. Design principles are heuristic statements that guide the designer
towards a solution for the complex educational problem (i.e. satisfying the design
requirements), and can be formulated as follows: “If you want to design intervention
X [for purpose/function Y in context Z], you are advised to give the intervention
the following characteristics”, followed by procedures, theoretical arguments and/or
empirical arguments (Plomp, 2013, p. 24). Design principles provide the information
needed to start constructing prototypes of the intervention (McKenney and Reeves,
2019). Recurrent testing and formative evaluations of the prototypes will contribute
to a knowledge base from which the initial design principles can be complemented.
When the design & construction phase has been completed, a design architecture can be
extracted from the developed intervention. A design architecture is a top-level structure
and a set of related overall characteristics (Hartog et al., 2013).

The summative evaluation phase proceeds upon implementation of the intervention in
the learning situation. Based on the results of the summative evaluation, the design
principles that were defined in the design & construction phase may be fine-tuned.
Furthermore, the results will point out whether the design requirements are satisfied by
the intervention.

To summarize, the educational design research approach as presented in this paper
has three phases and six corresponding output classes (Table 3.1). When applying this
approach to design a NTL, the output classes are either contextual or general. Contextual
output classes (design goal, design constraints, and evaluation results) are specific to
one learning situation, whereas the general output classes (design requirements, design
principles, and design architecture) are applicable to any learning situation. Hence, the
general output classes have the potential to help teachers and instructional designers to
design high quality NTLs.

Table 3.1: Phases and output classes of educational design research and corresponding
sections in which the output classes are discussed.

Phase Output class Relation to the ~ Section
design of a NTL
Analysis & exploration Design goal Contextual 3.2
Design constraints Contextual 321
Design requirements General 322
Design & construction  Design principles General 322+324
Design architecture =~ General 3.2.3
Summative evaluation Evaluation results Contextual 3.3

As there is no consensus on the terminology to define categories within NTLs (Faulconer
and Gruss, 2018), we categorize the NTLs that are subject of this paper as virtual
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experiment environments (VEEs). A VEE is defined as “Any educational resource that
enables students to design and/or to carry out virtual experiments and/or to process
data, and to analyse and interpret results” (Hartog et al., 2009, p. 376).

The goal of this study was to provide general design requirements, design principles,
and a design architecture that teachers and instructional designers can use as a blueprint
to design VEEs. The following research questions were formulated:

1. Which design requirements are relevant for VEEs?
2. Which design principles contribute to achieving the design requirements?
3. What is a suitable design architecture of VEEs?

To answer the research questions, we went through multiple cycles of the educational
design research approach. In the remainder of this paper, we describe the findings of
this cyclical process in a linear fashion. As indicated in Table 3.1, sections 3.2.2 through
3.2.4 provide the answers to the research questions. In section 3.3 we discuss the results
of summative evaluations, which were used i) to evaluate the design requirements that
were initially formulated in the analysis & exploration phase, ii) to finetune the design
principles that were formulated in the design & construction phase, and iii) to visualize
the corresponding design architecture.

3.2 Design of virtual experiment environments

This paper presents the results of the educational design research approach that yielded
four VEEs for two different courses, which were all based on the same design goal: to
design VEEs that facilitate targeted preparation for university level laboratory classes.
In our context (on which we will elaborate in section 3.3.1), targeted preparation means
that students: i) know the goal of the experiments and understand the principle of
the methods involved, ii) know what the raw data resulting of those experiments look
like, iii) are able to process the raw data into results, and iv) are able to interpret the
calculated results.

3.2.1 Design constraints

Five contextual design constraints were identified in the analysis & exploration phase.
First, each VEE had to be aligned with the pre-defined intended learning outcomes of the
target course. Second, the amount of time in which students had to be able to complete
a VEE was determined by the available time slot in the target course. Third, students
had to work individually, to ensure that all students were equally well prepared, and
because of initial differences in prior knowledge. Fourth, the VEEs had to be suitable for
distance education. Fifth, teachers without knowledge of programming should be able
to maintain and edit the VEEs.
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3.2.2 Design requirements and design principles

Three design requirements (DRs) and fourteen corresponding design principles (DPs)
have resulted from multiple cycles of the educational design research approach (Table
3.2). Initially, as a result of the analysis & exploration phase, we started off with
eleven design requirements as introduced in chapter 2. During the educational design
research processes of the four VEEs, renewed insights led to the translation of the initial
design requirements into three design requirements and fourteen corresponding design
principles.

Table 3.2: Design requirements (DRs) and corresponding design principles (DPs) for the
design of VEEs that facilitate targeted preparation for university level laboratory classes,
including codes.

Code Design requirement Code Design principle

DR1 The VEE should create a DP1  Provide motivational elements
positive learning experience DP2  Break a continuous lesson into segments
DP3  Use multimedia rather than text alone
DP4  Leave out or hide information that is not
required to successfully complete the
learning task

DR2  The VEE should support DP5 Provide pre-training in the key concepts

students in achieving the prior to the main learning activity
intended learning outcomes DP6  Let students design the experiment
themselves

DP7  Let students study relevant methods

DP8  Provide students with raw data

DP9  Let students process raw data into results
DP10 Let students interpret the results

DR3  The VEE should enable DP11 Provide procedural information
students to complete the DP12 Provide formative feedback based on
assignment independently student input

DP13 Provide access to hints (one by one) that
guide the students’ thinking process

DP14 Provide the opportunity for students to
check their intermediate calculations

Before we discuss the theoretical and empirical arguments that support the design
principles, and provide detailed information on how we applied the design principles
(section 3.2.4), we will first show the design architecture of the VEEs, to give an
overview.
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3.2.3 Design architecture

Within the four VEEs that were all based on the same design principles (Table 3.2),
we recognized a common design architecture (Figure 3.1). The design architecture
was visualized in terms of a pre-experiment phase, an experiment phase, and a post-
experiment phase, including five corresponding levels and the feedback and support
system. Within the design architecture it is indicated which design principles (DPs)
were applied to the specific parts.

In the pre-experiment phase, we discriminate three levels: the context level, the
research question level, and the experimental design level. The context level is actually
a preparation for the VEE, and was therefore included as ‘level 0". It may consist
of questions or exercises that target to activate prior knowledge, to construct new
knowledge, and introduce students to the topic of the VEE. This is especially relevant
when students do not have the required prior knowledge to start working in the VEE.
At the research question level, students obtain pre-defined research questions. These
research questions represent the actual assignment that the student will be working on
in the VEE. The first step in the VEE is to complete partially defined hypotheses. At
the experimental design level, the student makes an experimental design in order to
test these hypotheses. To do so, a database of methods (e.g. isolation, modification,
and analytical methods) is available, which students connect to each other to form
a flowchart. The methods contain questions on the protocol and on the principles
behind each method. These questions have to be answered in order for the student to
progress. During this process, students receive feedback on their experimental design,
and feedback on the answers they have given.

As the VEEs were intended as preparation tools for laboratory classes (i.e. students
will do the experiments in the laboratory classes), we chose to focus on the pre- and
post-experiment phase. The experiment phase was only included to form the link
between the pre- and post-experiment phase, as it provides students with raw data
based on the experimental design they made.

The post-experiment phase consists of two levels: the data processing level, and the
results interpretation level. At the data processing level, students process the raw data
they obtained in the VEE into results (mainly by doing calculations), and enter their
processed results in the VEE. During data processing, students can choose to access
hints, and to let the VEE check their intermediate calculations. Finally they will receive
feedback on the entered processed results. At the results interpretation level, students
have to interpret and integrate the results they obtained to be able to evaluate the
hypotheses they completed in the pre-experiment phase. In this level, answer-specific
teedback will be provided.
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Design Architecture of a Virtual Experiment Environment (DP1 - 4, 11)

Pre-experiment phase ]

4 )
0. Context level (DP5)
v" Complete case study / study course material / introduction to the VEE / ...
1. Research question level
v Obtain research questions
v" Complete hypotheses
2. Experimental design level (DP6) Feedback (DP12)
v" Make a flow scheme of methods 4==| Feedback on experimental design
v' Answer questions on the principles 4= | Answer-specific feedback
behind the methods (DP7)
v" Answer questions on the protocols of |4==| Answer-specific feedback
the methods (DP7)
\_ _J
Experiment phase ]
[ Receive raw data, based on the experimental design (DP8) J
[ Post-experiment phase ]
(

3. Data processing level (DP9)

Feedback / Support (DP 12, 13, 14)\

v' Evaluate hypotheses

.

v" Process raw data into results == | Hints

v Do calculations &= | Check intermediate calculations
v Enter results 4= | Answer-specific feedback

4. Results interpretation level (DP10) Feedback (DP12)

v Interpret and integrate results &= Answer-specific feedback

J

Figure 3.1: Design architecture of a virtual experiment environment (VEE), including visual-
ization of the feedback and support system, and relation to design principles (DPs).
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3.2.4 Application of the design principles

In this section we discuss the theoretical and empirical arguments that support the
design principles that we used to satisfy the design requirements (both introduced in
section 3.2.2), and we explain how those design principles were applied. For clarification
of some explanations, we refer to Figure 3.2, which is located in section 3.2.5.

Design requirement 1: Creating a positive learning experience

Creating a positive learning experience (DR1) is a general design requirement, and is as
such applicable to all kinds of learning materials. In order to satisfy DR1, we selected
four design principles, which are generally applicable throughout the VEEs.

The first design principle (DP1) advises to provide motivational elements. Motivational
elements can improve student learning by fostering cognitive processing aimed at making
sense of the material (Mayer, 2014). The ARCS model of motivation identifies four
motivational components (attention, relevance, confidence, and satisfaction) that should
be considered in order to get and keep students motivated (Keller, 1983). Motivational
elements based on the ARCS model result from i) the user-interface of the platform in
which the VEEs were built (section 3.2.5), ii) the use of different types of exercises in
the VEE, iii) gradually building up the difficulty as students progress in the VEE, iv)
working on a relevant topic, and v) communicating the intended learning outcomes
(Diederen et al., 2003).

The second design principle (DP2) advises to break a continuous lesson into segments.
Key in the segmenting principle is that the learner should be able to control the time
that can be spent in each segment (Clark and Mayer, 2016). Empirical research on the
segmenting principle is primarily focussed on videos and narrated animations (Mayer
and Pilegard, 2014), and concluded that segmenting a lesson helps students to manage
their learning processes, and will lead to a better performance at transfer tests when
compared to a control group (Mayer, 2009a). It was found that segmenting is especially
useful when the learner is unfamiliar with the content (Ayres, 2006; Clark and Mayer,
2016). We introduced segmentation by dividing the VEE into a pre-experiment phase,
an experiment phase, and a post-experiment phase, and subsequently dividing those
phases into five levels, as was shown in the design architecture (section 3.2.3). Within one
specific method, students gradually progress through the levels, and will not be granted
access to the next level before they have completed the current level. For example, the
experimental design level and the data processing level are combined in one screen
(Figure 3.2e, in section 3.2.5) that consists of several tabs: 1. Background information, 2.
Protocol, 3. Results, and 4. Calculations. Each tab can be opened at any time, but only
one tab can be open at any moment. If a student did not reach the level of a selected tab
yet (e.g. a student wants to do calculations (data processing level) before making the
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flowchart to obtain the required raw data (experimental design level)), it will contain
feedback that directs the student to his/her current level.

The third design principle (DP3) advises to incorporate multimedia rather than text
alone. Multimedia refers to the combination of text and (dynamic) graphics. Learning
materials that use multimedia, on the condition that the graphics are not solely intended
for decoration, keep students’ attention for a longer time (Keller, 1987), and were found
to promote active and deep learning (Clark and Mayer, 2016). The effect extends to
transfer tests. Students who received a multimedia lesson, scored higher on transfer
tests than students who received the same lesson in words alone (Mayer, 2009a). We
applied this principle by introducing interpretive graphics to explain the principles
behind the methods that are provided in the database. Interpretive graphics are visuals
that make intangible phenomena visible and concrete (Clark and Mayer, 2016). To
support the protocols of the methods, representational and transformational graphics
were used. The representational graphics visualize the apparatus and materials used in
the lab, and transformational graphics visualize complex protocols, by means of short
clips. Making an experimental design in the form of a flowchart (Figure 3.2) naturally
involves multimedia. The flowchart helps students to create an overview of how all
methods are interconnected.

The fourth design principle (DP4) advises to leave out or hide information that is
not required to successfully complete the learning task. “Learning is improved when
interesting but irrelevant words and pictures are excluded” (Mayer, 2009a, p. 89). Many
words and graphics in the VEEs have been dedicated to elaboration of the principles
behind methods. Part of this information is considered to be either prior knowledge, or
irrelevant to complete the learning task (and achieve the intended learning outcomes).
The coherence principle states that adding extra material can hurt learning, because
when learners use their limited processing capacity on extraneous material, less capacity
is available for making sense of the essential content (Clark and Mayer, 2016). Following
the coherence principle, elaboration should be left out. However, since the VEEs are
targeted for university level education, we deem it important that students have easy
access to potentially relevant and extensive background information. Therefore we made
this information accessible through links labelled ‘Click here for more information’”.

Design requirement 2: Achieving the intended learning outcomes

Supporting students in achieving the intended learning outcomes (DR2) starts with
communicating the learning outcomes to students, so that they know what they are
supposed to learn from the VEE. This also points out the relevance of the learning
material. Furthermore, the VEE should consist of activities (e.g. doing calculations,
making choices) that support students in achieving the intended learning outcomes. In
order to satisfy DR2, we selected the following six VEE-related design principles.
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The fifth design principle (DP5) advises to provide pre-training in the concepts required
to understand the context of the learning material prior to the main learning activity.
Pre-training in the key concepts prior to exposing students to the main learning materials
has a positive effect on learning in a variety of multimedia learning contexts (Clark and
Mayer, 2016; Mayer, 2009a; Mayer and Pilegard, 2014). The approach we took varied
for the four VEEs presented in this paper. For more contextual information about the
VEEs, we refer to section 3.3. In VEE 1, students were given a preparative assighment
consisting of 17 exercises (different types of closed questions) that helped students
become familiar with the context of the VEE. In this preparative assignment, students
cannot progress to the next question before they have correctly answered the current
question. Feedback is provided to all possible answers. In VEEs 2, 3, and 4, which
were designed for a different course than VEE 1, students were given a preparative
assignment to become familiar with the available methods.

The sixth and seventh design principle (DP6 and DP7) advise to let students design the
experiment themselves, and to let students study relevant methods. These design princi-
ples are inherent to the pre-experiment phase of the VEE. We applied those principles by
giving students a database of methods that can be added to the workflow canvas (Figure
3.2b), so a flowchart can be made. To study the methods, each method contains the tabs:
1. Background information, and 2. Protocol (Figure 3.2e), in which information is given
and interactive questions have to be answered. The interactive questions stimulate the
student to actively look for and process the available information.

The eighth design principle (DP8) advises to provide students with raw data. This
design principle is inherent to the experiment phase of the VEE. Providing students
with raw data presented in the same way as in the laboratory classes, will help students
to become familiar with and recognize the output that corresponds to a method. We
did this by providing links to e.g. Microsoft Excel files containing raw data. The ninth
and tenth design principle (DP9 and DP10) advise to let students process raw data
into results, and to interpret the results. These design principles are inherent to the
post-experiment phase of the VEE. Processing the raw data into results often involves
doing calculations in Microsoft Excel, after which the results of those calculations have
to be entered into the VEE. The feedback and support system will be discussed in the
following section. Ultimately, students have to integrate and interpret the results, and
accept or reject their hypotheses.

Design requirement 3: Enable students to complete the assignment independently

To enable students to complete the assignment in a VEE independently (DR3), they
should be provided with support, such as feedback and hints that would otherwise be
provided by a teacher. In order to satisfy DR3, we selected design principles 11, 12, 13,
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and 14, which together form the feedback and support system that was developed for
the VEEs.

The eleventh design principle (DP11) advises to provide procedural information. To
provide procedural information, “the system acts as an assistant looking over the
learner’s shoulder and presents procedural information precisely when a learner needs
it” (Van Merriénboer and Kirschner, 2018, p. 29). We used a system that generates
blinking red circles, which guide students i) towards locations in the VEEs where
questions still need to be answered, or ii) towards locations where feedback is given on
how they can progress within the VEE. Since the system is aware of students” actions
and their progress, it provides just-in-time information that guides students through
the VEEs step-by-step.

The twelfth design principle (DP12) advises to provide formative feedback based on
studentinput. “Providing feedback is an ongoing process in which teachers communicate
information to students that helps them better understand what they are to learn, what
high-quality performance looks like, and what changes are necessary to improve their
learning” (Dean et al., 2012, p. 3), and is among the most powerful influences on learning
(Hattie, 2009; Hattie and Timperley, 2007; Neelen and Kirschner, 2020; Van der Kleij
et al., 2015). A subcategory of feedback is formative feedback, which is defined as
“information communicated to the learner that is intended to modify his or her thinking
or behaviour to improve learning” (Shute, 2008, p. 153), and is argued to be the most
effective form of giving feedback (Hattie, 2009). We incorporated formative feedback
in three ways. First, a virtual professor was introduced, who can be consulted at any
time. For each research question that the students have to answer, the virtual professor
indicates whether the experimental design is complete to be able to answer that specific
research question. Second, feedback is provided to each answer option in the questions
that students have to answer about the methods. This feedback will tell the learner
whether the given answer is correct, including an explanation and/or hint. Third, in
calculation questions where multiple answers have to be given, feedback in the form of
a green checkmark or a red cross next to the given answer will indicate which answers
are correct or incorrect, respectively (e.g. Figure 3.2f). We made sure that any feedback
was positioned on the screen so that learners can see the question, their answer to the
question, and the feedback at the same time, to minimize split attention (Clark and
Mayer, 2016).

The thirteenth design principle (DP13) advises to provide access to hints (one by one)
that guide the students’ thinking process. This is different from providing formative
feedback (DP12), since students can choose to access the hints at any time. In other
words, students do not need to make a mistake or fill in random values to trigger support.
In the case of a multi-step calculation, a link containing a hint was added. Each hint
ends with another link to the next hint (if available). This way, students can choose
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to use part of the support without the complete procedure being given away in one
click.

The fourteenth design principle (DP14), which is only applicable in case of multi-step
calculations, advises to provide students with the opportunity to check their intermediate
calculations. This will encourage students to locate and improve upon mistakes they
might make while doing calculations, without needing the help of a teacher. We did
this by adding a link that leads to a table in which one or more intermediate values
can be entered. For each intermediate value the student enters, we introduced a green
checkmark or a red cross that appears next to the given answer (Figure 3.2f). In case
students cannot find the correct value by themselves (i.e. they are stuck), they can
choose to open a link with the correct value. This link will only appear when students
entered an incorrect value for an intermediate calculation. We deliberately chose to
provide correct intermediate values only after an incorrect intermediate value was
entered by the student, to discourage gaming the system behaviour (chapter 6). In VEE
1, in the situation that students correctly entered all intermediate calculations belonging
to a question, but could still not come up with the final answer, they were given the
possibility to access a pdf file with the complete calculation. This pdf file was also
provided upon successfully completing any calculation.

3.2.5 The VEEs

The VEEs were built in a platform called LabBuddy (Kryt b.v., Wageningen, the
Netherlands). The LabBuddy platform was chosen because i) it is based on educational
design research (Van der Kolk, 2013), ii) it is a web-based environment (design constraint
4), iii) knowledge of programming is not required to build, maintain, or edit a VEE
(design constraint 5), iv) the platform allows for instant editing, and v) it has been used
for more than a decade satisfactorily by our teachers and students. LabBuddy consists of
an experiment designer and a lab manual both dedicated to educational purposes (Van
der Kolk, 2013). The system was extended with simulation functionalities in the process
of designing the VEEs. The degree of immersion in the LabBuddy VEEs is low, as users
engage in a 2D environment. Figure 3.2 shows the interface of the LabBuddy VEEs.
Students start the assignment at the virtual professor (Figure 3.2a), where they obtain
research questions and have to complete partially defined hypotheses. The VEE initially
contains an empty workflow canvas (Figure 3.2b shows a completed experimental
design). The student has to design a suitable workflow by dragging methods onto
it from the methods dashboard (Figure 3.2c and d) and making connections. When
clicked on a method, its content pane will open and display four tabs, which can be
expanded one at the time: 1. Background information, 2. Protocol, 3. Results, and 4.
Calculations (Figure 3.2e). Once all questions in the background information tab and
protocol tab of a method are correctly answered, students can progress to the results tab
to receive raw data, which can subsequently be processed into results in the calculations
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tab (Figure 3.2f). Finally, students return to the virtual professor in order to interpret
the results. For a more detailed visualization of the VEEs, a presentation of all possible
user interactions, and a detailed explanation on the feedback and support system, we
refer to chapter 4.
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3.3 [Evaluation of virtual experiment environments

The design & construction phase resulted in four VEEs that were implemented in their
target courses. Each VEE has been evaluated in terms of the design requirements
(section 3.2.2).

First, we want to provide an overview of differences between the VEEs in terms of
their characteristics (Table 3.3). These characteristics give insight in the similarities and
differences between the four VEEs, and help to interpret the evaluation results. For
example, the size and complexity of VEE 1 is much higher when compared to VEEs 2, 3,
and 4, as it provides many more data points (in the form of raw data, obtained in the ‘3.
Results’ section of a method), requires students to give more answers, provides more
hints, and has a much higher number of checkable intermediate values. Furthermore,
in VEE 3, students could not check intermediate values, as it contained only one-step
calculations, and VEE 4 provides double the number of hints compared to VEEs 2 and 3,
which reflects that students have to do more complicated calculations.

Table 3.3: Characteristics of the evaluated VEEs.

VEE 1 VEE 2 VEE3 VEE4

General topic Enzymology Carbohydrates Lipids Proteins
Average time needed to complete (hours) 7.5 1.5 1.5 2
Number of available chemical methods 14 10 7 10
Number of data points provided 310 57 40 88
Number of answers to be given 240 71 53 61
Number of available hints 31 10 12 22
Number of checkable intermediate values 100 12 0 5

3.3.1 Participants
Participant information of all evaluations is shown in Table 3.4.

VEE 1 was evaluated as part of the master level course Enzymology for Food and
Biorefinery (168 study hours). We were provided with the unforeseen opportunity to
evaluate VEE 1 in the situation where the whole course was taught online. Therefore,
we included an extra evaluation: VEE 1 online. All students had previously obtained a
bachelor degree in natural sciences: 49% from the Netherlands, and 51% from a university
outside the Netherlands. All students were enrolled in a master study programme,
being Food technology (80% of the students in VEE 1, and 64% of the students in VEE
1 online), Biotechnology (19% and 28% of the students), or other (1% and 8% of the
students). Each master study programme is subdivided in several specializations. The
prior knowledge of students was diverse because of the aforementioned differences in
prior education, master study programme, and specialization.



Table 3.4: Participant information of all VEE evaluations.

VEE 1 VEE 1 online  VEE 2 VEE 3 VEE 4
Course level master master bachelor bachelor bachelor
Number of students 81 65 81 76 75
Age 229(SD=19) 23.0(SD=2.0) 199 (SD=1.1) 20.2 (SD =1.7) 20.7 (SD =3.1)
Gender female: 64% female: 46% female: 67% female: 49% female: 61%
male: 36% male: 54% male: 33% male: 51% male: 39%
Nationalities Dutch: 52% Dutch: 48% Dutch: 75% Dutch: 82% Dutch: 76%

Study programme*

Chinese: 21%
Other: 27%
MFT: 80%
MBT: 19%
Other: 1%

Chinese: 17%
Other: 35%
MFT: 64%
MBT: 28%
Other: 8%

Singaporean: 12%
Other: 13%

BFT: 68%

BBT: 12%

Other: 20%

Singaporean: 11%
Other: 7%

BFT: 67%

BBT: 15%

Other: 18%

Singaporean: 13%
Other: 11%

BFT: 63%

BBT: 8%

Other: 29%

* MFT = master Food Technology; MBT = master Biotechnology; BFT = bachelor Food Technology; BBT = bachelor Biotechnology.
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VEEs 2, 3, and 4 were evaluated as part of the bachelor level course Food Chemistry
(168 study hours). All students had previously obtained a high school (or similar)
degree: 86% in the Netherlands, and 14% outside the Netherlands. The participants
of the evaluations of VEEs 2, 3, and 4 formed a more homogeneous group than the
participants of the evaluations of VEE 1, since there is a big overlap in the curricula of
the bachelor Food Technology (63 — 68% of the students participating in VEEs 2, 3, or
4) and the bachelor Biotechnology (8 — 15% of the students) up to the point where this
course is taught. Students that were part of an ‘other” study programme (18 —29% of the
students) include a wide range of students (exchange students, master level students, or
students with a second major), whose prior knowledge was known to a limited degree.
Each VEE prepares students for one of the three main topics of the laboratory classes.
Students were assigned to the VEE corresponding to their lab class topic.

3.3.2 Procedure

All student activities related to the evaluation of the four VEEs are shown in Table 3.5.
The activities coded A1l — A6 correspond to the evaluation of VEE 1, the activities coded
A2 — A4 correspond to the evaluation of VEE 1 online, and the activities coded B1 — B4
correspond to the evaluation of VEEs 2, 3, and 4. All VEEs were scheduled on the day(s)
prior to the start of the laboratory classes as a compulsory activity. Students voluntarily
completed the questionnaires (A4 and B3) and the pre- and post-knowledge tests (Al
and A5), while they were aware that the anonymized results could be used for course
innovations.

Table 3.5: Student activities related to the evaluation of VEE 1 (A1 — A6), VEE 1 online (A2
— A4), and VEEs 2, 3, and 4 (B1 — B4), with corresponding measurements, timing, and time

indication.

Code Student activitiy Measurement Day* Duration
Al Pre-knowledge test Content-specific prior knowledge 1 30 min
A2 Preparative assignment N/A 1 1h

A3 VEE Student behaviour** 1-3 75h
A4 Questionnaire Evaluation of design requirements 2 or 3 5 min
A5 Post-knowledge test Content-specific knowledge 8 30 min
A6 Laboratory classes N/A 8-12,15-19 27h

B1 Preparation assighment N/A 1 3h

B2 VEE Student behaviour** 2 1.5-2h
B3 Questionnaire Evaluation of design requirements 2 5 min
B4 Laboratory classes N/A 59,12-15 20-36h

* Running days relative to the start of the experiment. There were no course activities in between the
VEE and the post-knowledge test in the evaluation of VEE 1.
** This has been elaborated in chapter 6.
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Evaluation procedure of VEE 1

To measure students” achievement of the intended learning outcomes of VEE 1, we
used the same method as described in chapter 6. Students were given 30 minutes to
complete a pre-knowledge test (A1) on paper. The pre-knowledge test consisted of
13 open questions, covering learning outcomes of the VEE. Each correctly answered
question was rewarded with one point, yielding a possible range of scores for students
between zero and 13 points. The assessment of the pre-knowledge test was done by
a domain-related expert, who used a detailed key including how many points should
be awarded for specific answers. A randomly selected sample (N = 10) was checked
by another domain-related expert to make sure that the assessment was accurate and
reproducible. The scoring by both experts was identical. Most of the students (N = 77)
completed the pre-knowledge test, while four students were absent that day. The scores
of this test were used as a measurement of their content-specific prior knowledge.

After the pre-knowledge test, students started working on the preparation questions (A2),
and consequently on the VEE (A3). Students worked in the VEE for an average of 7.5
hours. Computer rooms were available and three carefully instructed supervisors were
present to answer questions of students. Upon completion of the VEE, students were
asked to fill in a questionnaire (see Appendix) that included questions and statements
for evaluation of the design requirements (A4). All questions had clearly defined answer
options, based on Thalheimer (2016), in order to rule out interpretation of answer
options. They were fully written out, and coded as follows: A = (Almost) never, B = Less
than half of the time, C = Half of the time, D = Most of the time, E = All the time, and, if
applicable, F = I did not use this option. When using questions in the questionnaire
would result in odd answer options (e.g. I learned a lot from the VEE half of the time),
we replaced the question with a statement. All statements were provided with a 5-point
Likert scale (1 = disagree, to 5 = agree).

Just before the start of the laboratory classes, a post-knowledge test was conducted
(A5) to determine the learning outcomes of the VEE. This test was identical to the
pre-knowledge test. The scores were used as a measure of the content-specific knowledge
the students (N = 79) had at the start of the laboratory class. There were no other course
activities in between the pre- and post-knowledge test, other than the virtual experiments
in the VEE. Students were not aware that a post-knowledge test would follow, to prevent
targeted studying for it. The validity of these knowledge tests was confirmed by three
subject matter experts, including the main teacher of the course.

Evaluation procedure of VEE 1 online

The evaluation procedure of VEE 1 online was to a large extent determined by unforeseen
circumstances, due to which the whole course was taught online. Given the time
limitation, we were unable to conduct the pre- and post-knowledge tests in such a way
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that we could reliably compare the scores to the scores found in the evaluation of VEE 1.
Nevertheless, we were able to provide students with the questionnaire (see Appendix) to
evaluate the design requirements (Table 3.5, A4). Furthermore, this situation provided
us with the ultimate opportunity to test whether students would be able to complete
the assignment in the VEE independently (DR3) when supervisors and students are not
together while working in the VEE.

Evaluation procedure of VEEs 2, 3, and 4

Students started off with a preparation assignment (Table 3.5, B1), in which they made
an experimental set-up for the actual lab classes, after which they started working in
VEE 2, 3, or 4 (B2). Students worked an average time of 1.5 hours in VEEs 2 or 3, or an
average time of 2 hours in VEE 4. Upon completion of a VEE, students were asked to fill
in a questionnaire (see Appendix), that was almost identical to the questionnaire that
was used in the evaluation of VEE 1 (B3).

3.3.3 Evaluation: were the design requirements satisfied?

This section will focus on the results of the questionnaires (Table 3.5, A4 and B3) that
were used to evaluate whether the design requirements were satisfied. The questionnaire
results of all four VEEs are presented in Table 3.6.

When comparing the questionnaire results of the four VEEs, we observed a high degree of
similarity between the answers given to the same questions. This suggests that using the
same design architecture based on the same design requirements and design principles
(sections 3.2.2 — 3.2.4) creates similar student experiences and student appreciation when
applied in different contexts.

In terms of DR1 (the VEE should create a positive learning experience), we found that all
four VEEs were capable of capturing the students” attention (question 1). What stands
out is that students felt less confident (question 2) while working in VEE 4, especially
compared to VEEs 2 and 3. During supervision it became clear that students experienced
VEE 4 as difficult, which is also reflected in the VEE’s characteristics, as students were
provided with more data points and double the amount of hints compared to VEEs 2
and 3. Ninety percent of the students reported that most or all of the content of the
VEEs was clear (question 3). The information obtained through questions 4.1 — 6.3 is
highly valuable during formative evaluations in the design & construction phase, as it
may direct the fine-tuning of the VEEs. For example, in questions 4.1 — 4.3, we see that
the degree to which students are challenged by the different parts of the VEEs varies
from being challenged all the time, to being challenged (almost) never. The VEEs were
not intended to be highly challenging, as part of the content should be prior knowledge.
However, we found big differences in student scores at the pre-knowledge test in the
evaluation of VEE 1. These differences can be explained by the heterogeneity of the



Table 3.6: Questionnaire results of VEEs 1 — 4. The results are shown per VEE and per evaluation question (questionnaire in Appendix). The values

represent the percentage of students who selected the corresponding answer option. Shading was used to visualize the distribution of the results.

The answer options to all questions were coded as follows: A = (Almost) never, B = Less than half of the time, C = Half of the time, D = Most of the
time, E = All the time, and, if applicable, F = I did not use this option. All statements were provided with a 5-point Likert scale (1 = disagree, to 5 =

agree).
DR1 Positive learning experience VEE1 (N =81) VEE 1 online (N=65) VEE2 (N =81) VEE 3 (N =76) VEE4 (N =75)
Question  Short description A B C D E A B C D E A B C D E A B C D E A B C D E
1 Capture attention 0 1 7 (49 43 1 0 8 48 43 0 1 6 63 30 0 1 4 [63 32 0 4 7 [5 33
2 Feel confident 0 5 14[65 16 2 8 26 52 12 0 0 6 (68 26 0 0 9 [67 24 1 7 28 52 12
3  Clear content 0 0 8 [62 30 0 2 20 60 18 0 1 3 (60 36 0 0 3 [59 38 1 1 14 68 16
4.1 Challenged - experimental design |4 15 19 41 21 3 8 27 51 11 7 27 30 27 9 17 27 24 29 3 7 15 31 32 15
4.2 Challenged - answering questions |4 10 24 37 25 0 5 32 49 14 1 21 38 31 9 1 17 30 45 7 1 8 23 47 21
4.3 Challenged - processing data 4 18 23 29 26 0 12 39 32 17 12 27 35 17 9 13 14 29 36 8 9 25 16 34 16
5.1 Useful - experimental design 3 1 7 42 47 2 0 8 41 49 1 4 15 28 52 0 4 12 37 47 0 5 7 37 51
5.2 Useful - answering questions 0 3 13 37 47 2 2 9 44 43 0 5 17 30 48 0 0 16 46 38 1 3 7 45 44
5.3 Useful - processing data 1 8 13 34 44 2 3 17 32 46 0 10 13 36 41 1 3 10 33 58 0 5 1152 32
6.1 Enjoy - experimental design 1 4 22 40 33 3 5 23 49 20 3 6 16 43 32 0 5 24 43 28 1 7 17 47 28
6.2 Enjoy - answering questions 0 13 16 42 29 5 3 29 45 18 2 9 25 44 20 1 11 38 36 14 1 12 35 44 8
6.3 Enjoy - processing data 5 17 18 28 32 4 14 37 28 17 1 11 30 38 20 3 10 33 35 19 5 8 32 43 12
Statement  Short description 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5
7 User-friendly 0 3 8 29 60 2 6 15 28 49 0 1 5 31 63 0 1 8 28 63 1 3 8 40 48
DR2 Achieve learning outcomes
Question  Short description A B C D E A B C D E A B C D E A B C D E A B C D E
8 Helped to understand experiments ([0 0 7 |66 27 0 1 8 63 28 0 5 12 51 32 0 2 2058 20 0 3 25 53 19
9 Confidence in processing data 0 4 9 |63 24 0 2 9 52 37 0 0 9 (68 23 0 0 15[67 18 0 1 24 60 15
Statement ~ Short description 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5
10 Learned a lot 0 1 13 31 55 1 3 8 45 43 0 1 21 44 34 0 3 20 52 25 3 0 17 49 31
11 Ithink I am well prepared 0 1 1352 34 1 2 9 43 45 1 4 15 61 19 0 5 18 53 24 0 6 29 49 16
DR3 Complete independently
Question  Short description A B C DEVF|A B CDYEFADBCDEF|ABCDEFA DB CDE F
12 Sufficient support to complete 0 3 12 58 27 0 14 15 43 28 0 1 4 52 43 0 0 1 55 44 0 0 30 53 17
13 Ability to process data 0 1 13 70 16 0 3 11 60 26 0 0 6 52 42 0 0 5 51 44 0 3 24 58 15
14 Useful - hints 0 0 7 56 37 0 |0 0 17 49 34 0|0 O 4 44 41 11|/0 1 9 45 42 3|1 3 16 49 28 3
15 Useful - intermediate calculations |5 7 21 33 22 12(1 5 19 34 37 4|0 2 5 25 44 24 1 1 10 32 47 9
16 Consulted other students 54 27 7 7 5 60 20 12 6 2 78116 5 1 0 64 20 8 4 4 60 18 9 8 5
17 Checked pdf with calculations 26 29 25 16 4 20 25 18 31 6
Statement ~ Short description 1 2 3 4 5 1 2 3 4 5
18 Pdf was useful 2 7 23 29 39 0 6 17 38 39
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group of participants, and this might cause the differences in reported challenge. Despite
the differences in reported challenge, almost all students experienced the VEEs as useful
(question 5). The user-friendliness (statement 7) scored an average of 4.4 out of 5 over
the four VEEs. Based on these results, we concluded that the VEEs create a positive
learning experience, and that the VEEs satisfied DR1.

In terms of DR2 (the VEE should support students in achieving the intended learning
outcomes), for all four VEEs, 83% of the students indicated that the VEE helped them to
understand most or all of the experiments (question 8), and 85% of the students indicated
that they are confident that they can successfully process most or all of the data they will
obtain during the laboratory classes (question 9). Students had the feeling they learned a
lot (statement 10) and that they were well prepared for the laboratory classes (statement
11) with average scores of 4.2 and 4.0 respectively. For VEE 1, a paired-samples t-test
was conducted to compare the scores of the pre- and post-knowledge tests. In line
with the questionnaire results, there was a significant difference in the scores of the
pre-knowledge test (M = 5.2, SD = 2.7) and the post-knowledge test (M = 8.5, SD = 2.0);
t(75) = 11.5, p < 0.001. These results indicate that the VEE helped students to prepare for
laboratory education, increasing the average score on the knowledge tests from 5.2 to 8.5
points out of 13, which would likely have contributed to their knowledge construction
during the laboratory class (Johnstone, 1997). It is worth noting that the knowledge
tests focused on procedural knowledge solely, as this was the most important learning
outcome of the VEE. We did not test all learning outcomes, so as a result we might have
underestimated the learning effect of the VEE. Based on these results, we concluded
that the VEEs support students in achieving the intended learning outcomes, and that
the VEEs satisfied DR2.

In terms of DR3 (the VEE should enable students to complete the assignment indepen-
dently), 85% of the students indicated that there was sufficient support to complete the
VEE all the time or most of the time (question 12), and 87% of the students indicated that
they were able to process most or all of the data of the virtual experiments by themselves
(question 13). However, for VEE 4, the scores of questions 12 and 13 were slightly lower.
We established that VEE 4 is slightly more difficult, and that we included more feedback
and support for this VEE to compensate for the higher difficulty. The available hints
were used by 97% of the students, and of those students, 86% found most or all of the
hints useful (question 14). The option to check intermediate calculations was used by
90% of the students, and of those students, 78% found this option useful most or all of
the time (question 15). From these results it was clear that the majority of the students
used the support and found it useful. The majority of the students did not consult other
students while working in the VEE (question 16). This indicates that students were able
to complete the assignment in the VEE independently, hence supporting DR3. When
comparing VEE 1 online with VEE 1, we found similar results in terms of consulting
other students. This suggests that when students are in need of help, they will get into
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contact with peers, regardless of their working environment. Overall, we concluded
that the VEEs enabled students to complete the assignment independently, and that the
VEEs satisfied DR3.

When comparing the evaluation results of VEE 1 and VEE 1 online, we found a high
degree of similarity. There were a few minor differences, such as that students felt
slightly less confident, found the content a little less clear, found the interface slightly
less user-friendly, and experienced a little less support in VEE 1 online. We think
that these minor differences may be caused by the absence of supervisors and fellow
students in the same room. Although a similar number of students indicated that they
consulted other students while working in VEE 1 online, and supervisors could be
consulted online, students were less likely to have a look at the screens of others, and
the supervisors received only few questions.

3.4 Limitations

In this research, we used an educational design research approach to design four VEEs.
These four VEEs were the context in our search for general design requirements, design
principles, and a design architecture that can be used as a blueprint to design VEEs.
These general output classes are well-grounded, based on literature, practical experience,
and evaluations. However, we acknowledge that there are some limitations to this
study:.

First, we have not measured the effect of the better student preparation as a result of the
VEEs during the actual laboratory classes. The measurement of this effect falls outside
the scope of this study, as to our best knowledge, there is no simple or fast method to do
so. For the moment, it is our conviction that a good preparation increases the potential
for students to learn during laboratory classes (Johnstone, 1997).

Second, we have not been able to reliably quantify the learning effect of VEEs 2, 3, and 4.
In the initial evaluation procedure, pre- and post-knowledge tests were included, but
we found that many bachelor level students (as opposed to the master level students)
were unwilling to voluntarily and seriously complete the pre- and post-knowledge test.
Based on this behaviour, we judged the outcomes of these tests as unreliable. As a result,
our conclusions regarding DR2 (achievement of intended learning outcomes) for VEEs
2,3, and 4 were based on self-reported data.

Third, other than the pre- and post-knowledge tests used in the context of VEE 1,
self-reported data was used to learn about student behaviour and their experiences
in the VEEs. The disadvantage of self-reported data is that the assumption has to
be made that students are capable of reflecting on their own behaviour, are willing
to answer the questions honestly, and that all students have the same interpretation
of the questions. To obtain more objective results, we are currently investigating the
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opportunity of educational data mining. Educational data mining uses logging data
of students’ interaction with an online environment, and is commonly used to detect
patterns of student behaviour in an online environment, and to evaluate the relation
between these patterns and students’ learning outcomes (Aldowah et al., 2019). As such,
educational data mining may provide insight in which features of a VEE contribute to
learning, and which features are detrimental to learning (Aldowah et al., 2019; Hung
and Zhang, 2008).

The VEEs in this study were designed for university level courses in the fields of food
chemistry and food enzymology. In the evaluation we have shown that the VEEs were
successful, as they satisfied the design requirements. However, we have not yet proven
that our general output classes (i.e. design requirements, design principles, design
architecture) will function in other levels and other fields of education. In terms of
education level, we believe that extensive laboratory education is required in order to
reach the full potential of VEEs. As extensive laboratory education is uncommon to
primary and secondary education, the potential of VEEs will be highest for tertiary
education, regardless of the level. In terms of fields of education, we believe that the
general output classes will be applicable to courses in any field, as long as the course
includes laboratory education.

3.5 Conclusions

The goal of this study was to provide general design requirements, design principles,
and a design architecture that can be used as a blueprint to design VEEs. In order
to do so, we followed an educational design research approach to design four VEEs,
which were evaluated multiple times in real educational contexts. After the summative
evaluation of each VEE, we finetuned the design requirements (research question 1) and
corresponding design principles (research question 2), which have evolved throughout
the multiple cycles of the educational design research approach, and we visualized a
common design architecture (research question 3) based on the design principles.

We established three general design requirements that are applicable for VEEs: the
VEE should i) create a positive learning experience, ii) support students in achieving
the intended learning outcomes, and iii) enable students to complete the assignment
independently. We concluded that these design requirements are general, and as such
applicable to any NTL. Based on summative evaluations, we concluded that the design
requirements were satisfied by each VEE. In order to satisfy these design requirements,
we used fourteen design principles that were based on theoretical arguments, empirical
arguments, and/or (formative) evaluations. Besides formulating these design principles,
we also provide detailed information on how we applied those principles, so that their
practical relevance is clear, and so that they can easily be adopted by teachers and



3.5 Conclusions 45

instructional designers in the process of designing VEEs. Once we completed multiple
cycles of the educational design research approach, we were able to extract a common
design architecture from the four VEEs, which includes three phases (pre-experiment
phase, experiment phase, and post-experiment phase), five levels (context level, research
question level, experimental design level, data processing level, and results interpretation
level), and the feedback and support system.

In our study, we combined literature on how to set up educational design research
with literature that provides guidelines for designing instruction, in order to gain and
report practical experience regarding the design of VEEs. The blueprint that resulted
from these efforts does not only provide general design guidelines, design principles,
and a design architecture, but it also includes detailed information on how they can
be applied. Such information in the context of VEEs is new to literature, and has the
potential to help teachers and instructional designers to design high quality VEEs.
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Appendix

Design requirements (DRs) with corresponding questions (Q) and statements (S) used
in the questionnaire.

DR1 The VEE should create a positive learning experience

Q1  Did the VEE capture your attention?

Q2 Did you feel confident while working in the VEE?

Q3 How clear was the content of the VEE?

Q4  Indicate for each part of the VEE to what degree you felt challenged.

Q5  Indicate for each part of the VEE how useful you think it is.

Q6  Indicate for each part of the VEE how much you enjoyed it.

S7 The VEE is user-friendly.

DR2 The VEE should support students in achieving the intended learning outcomes

Q8  To what degree did the VEE help you to understand the experiments?

Q9  To what degree are you confident that you can successfully process
experimental data that you will obtain in the lab class?

S10  Ilearned a lot from the VEE.

S11  Ithink I am well-prepared for the lab class now that I finished the VEE.

DR3 The VEE should enable students to complete the assignment independently

Q12 Is the amount of feedback/support given within the VEE sulfficient to
complete the VEE without help from supervisors or other students?

Q13 How able were you to process the data of the experiments in the VEE
without help of supervisors or other students?

Q14 How useful were the hints provided with the calculation questions?

Q15 How useful was the option to check your intermediate calculations?

Q16 Did you consult other students while working in the VEE?

Q17 How often did you check the pdf with calculations that you received
after successfully completing a calculation?*

S18  The pdf with calculations that I received after successfully completing

a calculation was useful.*

* These questions only apply to the evaluation of VEE 1 and VEE 1 online.



Chapter 4

Virtual experiment environment: a
showcase of a preparation tool for lab-
oratory classes

This chapter was published as:

S. Verstege and J. Diederen (2019). “Virtual experiment environment: A show-
case of a preparation tool for laboratory classes”. In: EdMedia+ Innovate Learning.
Association for the Advancement of Computing in Education (AACE), 1406-1416



48 Showcase of a virtual experiment environment

Contents
41 Introduction ... ........... ... ... . . i i, 50
42 TheLabBuddy VEE . ........... ... ... .. 51
42.1 Preparativeassignment . ... ................... 51
422 Opverview of the complete user interface . . . . .. ... ... .. 51
423 Generalguidance . . .. ... ... ... ... ... .. L. 53
424 Useractivities . . . ... ... ... .. . o oL 53

4.3 Evaluation . . . . . . v v i i i it e e e e e e e e e e e e e e e e e 61




49

Abstract

Laboratory education plays an indispensable role in the conveyance of tacit knowledge,
and is therefore an important part of natural science education. The success of laboratory
education in terms of learning outcomes depends amongst others on the ability of
students to cope with the extraneous cognitive load in the laboratory. This extraneous
cognitive load can be reduced through careful student preparation. The aim of this
paper is to present teachers and educational designers with an extensive example
of a virtual experiment environment (VEE) that was developed to facilitate student
preparation for laboratory classes. The VEE contains a self-directed learning task through
which students can actively learn and apply concepts related to the laboratory classes.
Students progress through the VEE by making an experimental design, obtaining raw
data, processing raw data into results, and drawing conclusions. The user interface,
the available interactions, and the feedback- and support mechanism in the VEE are
presented and discussed.
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4,1 Introduction

Laboratory classes are an important part of most curricula of natural science programs,
because they support students to develop scientific skills and understand background
theory of experiments (Alkhaldi et al., 2016; Bruck and Towns, 2013; Carnduff and Reid,
2003; Johnstone and Al-Shuaili, 2001; Reid and Shah, 2007; Winberg and Berg, 2007). To
make optimal use of the learning potential of laboratory education, students should
be carefully prepared when starting with laboratory work (Bannert, 2002; Crandall
et al., 2015; Winberg and Berg, 2007). In order to prepare students for laboratory
education, many non-traditional labs such as computer simulations, virtual laboratories,
and remote laboratories have been introduced (for reviews, see Alkhaldi et al. (2016),
Heradio et al. (2016), Potkonjak et al. (2016), and Rutten et al. (2012)), and were proven
to be effective in terms of learning outcomes (Brinson, 2015; Rutten et al., 2012).

In this paper we will focus on the enrichment of a laboratory activity by means of a
computer simulation. Computer simulations are programs that contain a model of a
system (natural or artificial; e.g. equipment) or a process (De Jong and Van Joolingen,
1998). Computer simulations that can be used to prepare students for laboratory classes
can be referred to as Virtual Experiment Environments (VEEs). A VEE is defined as
“Any educational resource that enables students to design and/or to carry out virtual
experiments and /or to process data, and to analyse and interpret results” (Hartog et al.,
2009, p. 376). Besides functioning as a preparation tool, VEEs can also be used as a
stand-alone.

The design of a VEE starts with a design challenge, which is to facilitate students in
achieving Intended Learning Outcomes (ILOs). The definition of a VEE allows the
designer a huge design space, or in other words, a huge number of candidate solutions
for the design challenge. The aim of this paper is to present a showcase of a design
solution that was based on educational theories (e.g. Clark and Mayer (2016) and Mayer
(2009a)), which led to a successful VEE in terms of facilitating students to achieve the
ILOs.

In the showcase of the VEE, we will describe all its elements in detail, and: i) visualise the
user interface, ii) present all available interactions, and explain why these interactions
have been introduced, and iii) present the feedback- and support mechanism that is
available to users throughout the learning task. With this showcase, teachers and
educational developers are provided with an extensive example of how a VEE can be
built up.
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4.2 The LabBuddy VEE

The LabBuddy VEE has been developed as part of an educational design research
project, targeted as a preparation tool for the laboratory classes of a master level course
in the field of enzymology, taught at Wageningen University. The LabBuddy VEE is
an extended version of a previously developed web-based experiment designer and
web lab manual (Van der Kolk et al., 2012), nowadays known as LabBuddy (Krytb.v.,
Wageningen, the Netherlands) (Van der Kolk et al., 2013).

The VEE comprises the complete research cycle, focusing on experimental design,
processing of raw data, and interpretation of results. The VEE requires users to “perform’
a chemical experiment consisting of 38 sub-experiments, such as isolations, modifications,
and analyses (e.g. extraction of enzymes from a raw material, and determination of the
extracted enzyme’s activity) that will all contribute to achievement of the ILOs. The
degree of immersion in the VEE is low, as users engage in a 2D environment, in which a
time scale has been chosen so that it takes no time to perform an experiment. As a result,
the user saves approximately 80 hours of time, which means that the learning task in
the VEE can be completed in within eight hours. Upon completion of the learning task,

users should be fully prepared for the laboratory classes on a conceptual level.

4.2.1 Preparative assignment

Being knowledgeable about the context of the VEE before starting to work in the VEE is
of utmost importance. The goal of this VEE is not to learn the subject of the context, but
to learn about how to do science. Users need an understanding of the context to be able
to make choices for their experimental design, to process raw data into results, and to
interpret their results.

The VEE is preceded by a preparative assignment that was introduced to activate prior
knowledge and/or construct new knowledge to ensure users have sufficient background
on the context of the VEE. This should result in a lower extraneous cognitive load while
working in the VEE, so that more cognitive processing capacity can be directed towards
essential processing (Mayer, 2009¢c). The preparative assignment consists out of 17
questions that have to be answered in the given order. Users cannot progress to the
next question before they have correctly answered the current question. The feedback
that is provided during this preparative assignment, depends on the answers of the
users.

4.2.2 Overview of the complete user interface

In Figure 4.1, we provide an overview of the user interface of the VEE. In the following
sections all elements will be described and visualized systematically.
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4.2.3 General guidance

Users will encounter 73 questions throughout the VEE that have to be answered in order
to progress. The questions were introduced to support users in achieving the ILOs. At
any time, when a question needs answering, a red circle appears and starts blinking in
the element in which the question is located (e.g. Figure 4.2a). When the corresponding
element has been clicked on, the tab in which the question is located will also have a
blinking red circle (e.g. Figure 4.2b). Once the question has been answered correctly,
the blinking red circle will disappear. This guidance was introduced for two reasons.
First, to inform users that a new question has been unlocked and needs answering, and
second, to guide users through the VEE and prevent them from getting lost in search
for how to progress. As the learning task in the VEE takes several hours to complete, a
progress bar was introduced, which is visible at any time. The progress bar indicates
the user’s progress from 0 to 100%.

4.2.4 User activities

Obtain research questions and formulate hypotheses

Research normally starts with a research question, so also in our VEE, the users will
start with six research questions that have to be answered to complete the VEE. The
research questions are provided by the virtual professor (Figure 4.2).

Prof. Kabel 0

Prof. l(abe)o

Prof. Kabel v

Click

l - Overview research questions

- Feedback on experimental design

Research question 1@
Research question 2
Research question 3
Research question 4

b h question 5

h question 6

v ¥ V¥V VvV VvV vV VvV v

Figure 4.2: LabBuddy VEE screenshots. a) Virtual professor. b) Content of the virtual
professor.
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Users have to complete hypotheses belonging to each research question. Formulating
hypotheses is an integral part of the research cycle. Since being able to formulate
hypotheses is not an ILO of the VEE, pre-defined hypotheses with gaps (Figure 4.3a)
were incorporated to make users familiar with the research questions, and trigger them
to think about their expectations.

Just like in any other question within the VEE, users click on the submit answer button,
which will trigger answer-specific pre-defined feedback, that will be displayed above
the submit answer button. In case the question was answered correctly, the feedback
will colour green (Figure 4.3b). In case a question is answered incorrectly, the feedback
will colour red (Figure 4.3c), and will require users to change their answer to this
question. Generally, when a question is answered incorrectly, constructive feedback
and/or guidance is provided, which will be elaborated on in the following sections.

Research question 1@ v Feedback

Come back here to answer the research question once you have obtained your data and/or performed the Your hypothesis has been saved.

Iculations. . . . .
necessary calculations. Upon completion of the experiments and calculations, you will return here

to accept or reject your hypotheses and answer the research question.
Research question 1 What is the yield* of enzyme protein in a- and B-amylase extracts [G and NG]?

A.l expect the yield of enzyme protein in a-amylase extracts to be

Hypothesis 1 -pickone- v the yield of enzyme protein in B-amylase extracts. b
othesis :
e B. I expect the amount of extractable enzyme protein to| - pick one - v Submit Answer Reset

upon germination of wheat kernels.

increase
Short motivation on decrease |' Feedback

hypothesis (optional) remain the same

Complete your hypothesis first.

*Yield = grams of (enzyme) protein / grams of dry starting material * 100% a c
Submit Answer m Submit Answer m

e———

Figure 4.3: LabBuddy VEE screenshots. a) Example of a pre-defined hypothesis with gaps.
b) ‘Positive” feedback in green, given when a question is answered correctly. c) ‘Negative’

teedback in red, given when a question is answered incorrectly or incompletely.

Make an experimental design

Based on the research questions, users make an experimental design in the form of
a workflow. To make this workflow, users are provided with a chemical methods
dashboard (Figure 4.4a) that contains all raw materials, sample preparation methods
(e.g. isolation or modification), and analysis methods, that are referred to as ‘chemical
methods’ in this paper. A detailed description of a chemical method is given in the
following section. In the chemical methods dashboard, the chemical methods are
subdivided in categories, which can be accessed by clicking on them. The workflow
canvas (Figure 4.4b) is the area to which chemical methods can be dragged. Chemical
methods have an in- and/or out-port, that can be connected to another, by means of
drag and drop, to form a workflow.

Users can add the same chemical methods to the workflow canvas multiple times. This
functionality was introduced to allow users to shape their own thoughts about the
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Figure 4.4: LabBuddy VEE screenshots. a) Chemical methods dashboard, including annotation.
b) Partially filled in workflow canvas, including annotation.

experimental design without being restricted by the VEE. As a result, there are multiple
ways in which the same experimental design can be built. Users can for example connect
several chemical methods to one analysis method (e.g. Bradford) (Figure 4.5a), or
alternatively they can connect each chemical method to a separate copy of the same
analysis method (Figure 4.5b). The consequence is that in the case of Figure 4.5a, the
user will receive all results within the analysis method, whereas in the case of Figure
4.5b, the results are spread over the three analysis methods.

Users can open the ‘feedback on experimental design’ tab in the virtual professor, in
which the users are informed which research questions can be answered with their
current experimental design (Figure 4.6a). In case there are mistakes in the experimental
design, feedback will be provided, which is indicated with a blinking red circle appearing
in the ‘results tab’ (that will be introduced in the next section) of the incorrectly connected
chemical method (Figure 4.6b). If a chemical method is not connected to the prerequisite
chemical method(s), feedback will be provided, but it will not be indicated with a
blinking red circle (Figure 4.6c). The choice for not indicating this feedback by a blinking
red circle was made to prevent an overload of feedback while users are in the process of
making the experimental design.
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Figure 4.6: LabBuddy VEE screenshots. Feedback on experimental design, regarding a)
possible completion of research questions, b) incorrectly connected chemical methods, c)
missing prerequisite starting materials.

Open a chemical method

There are three types of chemical methods: i) raw materials, ii) sample preparation
methods, and iii) analysis methods. When users open a chemical method, a content
dashboard will appear. The content dashboard can contain the following four tabs,
depending on the type of chemical method (Figure 4.7a): 1. Background information,
2. Method, 3. Results, 4. Calculations. Each tab will be discussed and visualized
separately in the following sections. When users have completed an analysis method
(i.e. answered all questions, obtained all data, and processed all data correctly), the
appearance of this analysis method will change, as a green ‘check” will appear (Figure
4.7b).
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Figure 4.7: LabBuddy VEE screenshots. a) Content dashboard of chemical methods. b)
Appearance of an incomplete and a complete chemical method.

The background information tab The background information tab contains a short
description and explanation of the chemical method, followed by one or more questions
about the background information. Users have to answer all questions correctly before
any results belonging to that chemical method can be unlocked (in tab 3. Results). The
questions were introduced to make sure the users understand the principle behind the
chemical method. In case they already knew, users can easily answer the question,
and if not, the answer can be found in the background information. Users can access
more detailed information on the chemical method by opening a collapsed frame. The
collapsible frames were introduced to segment the information, hence reducing the user’s
cognitive load (Mayer, 2009b). For complex methods, the more detailed information is
extensive, and consists of not only text, but also visuals to explain mechanisms.

The method tab In the method tab users can study the protocol of the selected chemical
method. When appropriate, the protocol starts off with a short introductory clip (Figure
4.8a). The protocol itself shows all practical steps, and is displayed using the integrated
‘web lab manual’ tool that was developed by LabBuddy (Figure 4.8b). The protocol in the
VEE is similar to the protocol of the laboratory classes, to maximize transfer. Questions
were included to ensure the user’s understanding of the protocol. For example: users
have to calculate the dilutions of a calibration curve, or choose which fraction to continue
with after centrifugation.

The results tab In the results tab, users will obtain feedback on their experimental
design (Figures 4.6b and c), and depending on the completeness of the experimental
design, they will receive the results. Results are usually raw data of the analysis. Results
can be presented in text (Figure 4.9a), or as a link to a Microsoft PowerPoint or Excel file
(Figure 4.9b). An example of raw data provided in an Excel file is shown in Figure 4.9c.
The user is notified when he/she obtained all results belonging to one analysis method
(Figure 4.9b).
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of the method tab. b) Example of two protocol steps, including an ‘answer question” button
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3. Results Bradford Results Absorbance measured at 595 nm
Data of a-amylase extract from non-germinated wheat kernels
You have obtained 3 a-amylase extracts: [The spectrophotometer has been set at zero with a cuvet filled with buffer only
. Calibration curve  Values of the spectrophotometer
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[sample Rey 1 I 2 I 3
o Extract of 1 day germinated (t=1) wheat kernels BSA 0.0 g/L 0370 0.381 0.385
e Extract of 4 days germinated (t=4) wheat kernels BSA 0.1 g/L 0.407 0.425 0.428
BSA 0.3 g/L 0.429 0.445 0.443
3. Results BSA 0.5 g/L 0.480 0.492 0.486
) |E| BSA 0.8 g/L 0.563 0.567 0.616
. BSA 1.0 g/L 0.643 0.614 0.636
[F] Bradford_results_non-germinated_alpha-amylase.xIsx A 1.4 /L = o e
[F] Bradford_results_germinated_alpha-amylase.xIsx a-amylase extract  Values of the spectrophotometer
ISample Replicate 1  Replicate 2  Replicate 3
[F] Bradford_results_non-germinated_beta-amylase.xIsx t=0 [no dilution] 0.511 0.502 0.524
[t=0 [10x diluted] 0.408 0.411 0.403
[F) Bradford_results_germinated_beta-amylase.xlsx t=0 [100x diluted] 0.395 0.399 0.398
. ion of coding:
D Bradford_results_commercial_alpha-amylase.xlsx r - of coding - - -
BSA = Bovine Serum Albumin = has been taken as standard protein to make the caliif
. . t = time of germination (t=0 means extract of not germinated wheat)
You have obtained all results related to the Bradford experiment. No dilution: extract as obtained after the extraction protocol as provided in LabSim

Figure 4.9: LabBuddy VEE screenshots. a) Results presented in text. b) Links to Excel files. c)
An example of raw data provided in an Excel file.

The calculations tab Most analysis methods yield raw data that needs to be processed,
often by doing calculations. Therefore the calculation tab contains calculation questions
for which the answers are the results of the user’s calculations. Within the calculation
questions, a range of answers are accepted to make up for small deviations as a result
of rounding. To make sure all users are able to complete the calculations, a feedback
and support system was introduced. The feedback and support system consists of three
elements: i) hints, ii) feedback on which answers are (in)correct, iii) the option to check
intermediate calculations, including targeted feedback.
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At any time, the user can access hints that guide through every step of the calculation.
Hints are provided in collapsible frames. When the user opens the first hint, only the
first step of the calculation will be given. Inside the frame of the first hint, the second
hint is presented in another collapsed frame (Figure 4.10a). This way, users can progress
or check their approach step by step. Depending on the nature of the calculation, up to
five hints are available per calculation, and 36 hints in total for the whole VEE.

Each value the user submits in a calculation question, will be checked by the VEE, which
will in turn provide feedback by means of a green check for a correct value, or a red
cross for an incorrect value (Figure 4.10b). This is a first step to help the user identify
his/her mistake. However, the mistake could be the result of a misunderstanding that
the user might not be able to identify without further support or the help of a peer
or teacher. Since users leave the VEE to do their calculations in Microsoft Excel, the
calculation process is a black box, which makes it extremely hard to monitor and identify
mistakes. The challenge was to implement a feedback- and support mechanism to help
users to identify their own mistakes, without giving away the answers too easily, since
that would lead to gaming the system behaviour (chapter 6). The result was a ‘check
your intermediate calculations (optional)’ collapsible frame. In this collapsible, one or
more intermediate calculations can be checked (Figure 4.10c). The provided feedback is
similar as before, with one addition for incorrect values. In case of one or more incorrect
values, one or more collapsibles will appear which, when opened, will give the correct
value. Now that the user knows in which part of the calculation the mistake was made,
the user can choose to search for it, or alternatively open the collapsible that will provide
the correct value needed for further calculations. This way, the user is in control of
his/her own learning process. When a user did all intermediate calculations correctly,
but still has a mistake in the final answer, a link to the complete calculation will be
provided. The same link will also be provided when the final answer is correct, to make
sure that users who did not make use of the feedback- and support mechanism also
have the option to check their calculations. A complete overview of a typical calculation
tab is given in Figure 4.10d.
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» Check your intermediate calculations (optional)
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Figure 4.10: LabBuddy VEE screenshots. a) Support through collapsible hints. b) Feedback
on a calculation question. c) Content of a ‘Check your intermediate calculations (optional)’
collapsible, including feedback. d) Example of a typical calculations tab.

Answer research questions and evaluate hypotheses

Based on the nature of the research question, users have to interpret their (calculated)
results, integrate (calculated) results of different experiments, and/or do follow up
calculations. Those results have to be submitted at the virtual professor, in the same
tabs where users initially formulated their hypotheses (Figures 4.3a and 4.11). The
hypotheses have to be accepted or rejected to complete the research cycle.
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Research question 3@ v

So far, you have calculated the enzyme activity, but you also need to calculate the specific activity to
answer this research question.

In case you need help to calculate the specific activity, several hints are provided:

» Click for hint #1

Specific activity non-germinated (t=0) 1daygerminated (t=1) 4 days germinated (t=4)

a-amylase extract U/mg U/mg U/mg
B-amylase extract U/mg U/mg U/mg
The specific activity of the = U/mg.

Based on my results, | will hypothesis 3.
Submit Answer l':ac.cept
reject

Figure 4.11: LabBuddy VEE screenshot. Example of a research question for which users have

to integrate calculated results of two experiments to do further calculations.

4.3 Evaluation

The LabBuddy VEE has been evaluated extensively within its educational context in
two successive years, using i) a questionnaire to evaluate design choices, and to study
the user’s (N = 178) experiences, and ii) pre- and post-knowledge tests. On a 5-point
Likert scale, 90% of the users indicated that they learned a lot in the VEE; 92% of the
users experienced the VEE as user-friendly; and 84% of the users had the feeling that
they were well prepared for the laboratory classes after completing the VEE. From
the knowledge tests, it was concluded that the VEE contributed to achievement of the
ILOs. The outcomes of the complete evaluation of the user’s experiences, as well as
the evaluation of the design choices made during the design process are the subject
of chapter 3. The VEE was also used in a study on self-regulated learning, in which
the relation between students’ perceived levels of self-regulation, learning behaviour,
and learning outcomes was explored (chapter 6). Overall, we conclude that a VEE such
as the one presented in this paper contributes to student preparation for laboratory
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classes and we hope that the showcase of this VEE provides guidance to teachers and
educational designers in the process of designing a VEE.



Chapter 5

Design of interactive protocols that
help students to prepare for laboratory
work

This chapter was submitted for publication as:

S. Verstege, W. Lamot, J.-P. Vincken, and J. Diederen. '"Design of interactive
protocols that help students to prepare for laboratory work".
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Abstract

Laboratory education makes up an extensive part of natural science education at
universities. To support meaningful learning during laboratory work, students should
prepare by carefully studying the protocols. The aim of this study was to design and
evaluate a preparative learning material that focuses on protocol steps with the design
goal to help students to i) understand the ‘why” (reason or theory) of protocol steps, ii)
make practical choices and iii) do troubleshooting. To reach this goal, protocol steps
have been enriched with theoretical, practical, troubleshooting, and/or calculation
questions to form interactive protocols. This design process resulted in a list of design
choices (i.e. when to include a question, and how to design a question) and a showcase
of questions in the interactive protocols. These interactive protocols were implemented
and evaluated in a real educational setting. From the evaluation results it was concluded
that the interactive protocols were successful in preparing students for the laboratory
work. After the laboratory work, students reported a more diverse and slightly less
positive contribution of the interactive protocols to their understanding of the protocol
steps and their ability to make practical choices. A significant difference was found
in the perceived usefulness of the troubleshooting questions before versus after the
laboratory work, which is suggested as a topic for further investigation.
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5.1 Learning during laboratory work

Imagine you are supervising a laboratory class, and one of your students is about
to make a mistake by discarding the supernatant, containing the desired component,
instead of the pellet. Despite your exhaustive efforts to make the protocol as clear as
possible, there are always students who do not seem to think while executing a protocol.
You wonder: how can this phenomenon be explained?

Teaching students how to ‘do’ science in the laboratory can be split into multiple stages
(Seery et al., 2019). In the first stage, students develop experimental skills, and become
comfortable and competent in the laboratory environment. This includes practical
learning outcomes such as: ‘be able to correctly use a pipet’. In the second stage, students
learn to predict the effect of changes in protocols, and learn to explain their observations.
In this stage, theoretical knowledge is added to the already existing practical knowledge
obtained in the first stage. The next stages focus on experimental design, initially with
familiar outcomes, and ultimately with open-ended and unfamiliar topics.

In this study we focused on student learning in the first two stages, in which students
are typically provided with ready-made protocols. Protocols contain the information
required to execute each practical step. But no matter how detailed a protocol is, students
might come up with practical questions. For example, the protocol step “Fill three
beakers with 2 mL of demi water”, can lead to questions such as: What size should the
beakers be? Which pipet should I use? Which pipet tip is suitable? Should I change
the pipet tip in between? Where do I find all the materials that  need? Since protocols
generally do not contain answers to all such questions, students will have to make
practical choices. In relation to the second stage, students learn i) to understand the ‘why’
(reason or theory) of protocol steps, and ii) to combine this theoretical understanding
with their experience in making practical choices to do troubleshooting in the case they
encounter a problem or unexpected situation while executing a protocol.

The success with which students learn during laboratory work, is among others
influenced by their working experience in laboratories, their prior knowledge, the
cognitively demanding environment of a laboratory (for example caused by having to
work around fellow students, locating materials, and using equipment), and perhaps
most importantly, their own goals for laboratory education. Students were found to
be primarily guided by affective goals, as opposed to faculty, who tend to primarily
focus on cognitive and psychomotor learning (as also reflected in the first two stages)
(Bretz et al., 2013). This means that students are primarily focused on completing the
laboratory work as soon as possible, which results in very little meaningful learning
during the laboratory work (DeKorver and Towns, 2015).

Careful student preparation has proven to increase meaningful learning during the
laboratory work (Gregory and Di Trapani, 2012; Jones and Edwards, 2010; Rollnick et al.,
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2001). Students can for example prepare with learning materials such as videos, lectures,
exercises, and computer simulations (Agustian and Seery, 2017; Carnduff and Reid,
2003; Jolley et al., 2016; Jones and Edwards, 2010; Reid and Shah, 2007; Spagnoli et al.,
2019; Winberg and Berg, 2007). To the best of our knowledge, such learning materials
focus on general understanding of a protocol, without discussing the level of detail:
the protocol steps. Especially in terms of the second stage, it is valuable for students
to understand the theory behind a protocol step, and understand the reason for this
protocol step. Without this understanding, students will not be able to make changes to
protocols, or to do troubleshooting in the case they encounter a problem or unexpected
situation.

The aim of this study was to design and evaluate a preparative e-learning material
that focuses on protocol steps. The design goal was threefold: to help students to i)
understand the ‘why’ (reason or theory) of protocol steps, ii) make practical choices
and iii) do troubleshooting. In the following sections, we discuss the design of the
preparative e-learning material (section 2), provide a showcase (section 3), and present
the evaluation results (section 4).

5.2 Design of interactive protocols

5.2.1 Context of the design

The preparative e-learning material that focuses on protocol steps was designed for the
second-year bachelor course ‘Food Chemistry’, taught at Wageningen University, the
Netherlands. The course is an introduction to the chemistry of compounds present in
food, and is attended by approximately 200 students every year. During the laboratory
classes of this course, students learn about and execute methods that are relevant to
analyse food compounds.

Since the learning material should be accessible for many students at the same time,
it was required to be online and interactive. With these requirements, the learning
material provides students with specific feedback, and a large group of students will be
able to complete the assignment at the same time, with minimal supervision.

5.2.2 Design choices

Following the design goal and the requirements, interactive protocols were designed.
This was done by enriching existing protocols with closed-ended questions. All closed-
ended questions are interactive, which means that students can be provided with
answer-specific feedback. Four types of questions were designed: theoretical questions,
practical questions, troubleshooting questions, and data processing questions. An
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overview of the question types, with corresponding aim and example of a learning
outcome is provided in Table 5.1.

Table 5.1: Overview of the question types, with corresponding aim and example of a learning

outcome.
Question category Aim Example of learning outcome
Theoretical To improve students” understanding Understand which components
of the ‘why’ (reason or theory) of of a sample end up in the pellet,
protocol steps and which components end up
in the supernatant upon
centrifugation
Practical To increase students” awareness of ~ Be able to choose the
practical choices to be made in appropriate glasswork
protocol steps, and to practice
making such choices
Troubleshooting To help students combine and apply Be able to come up with an
theoretical and practical knowledge approach when the pH of a
to identify and solve (potential) protein solution was increased
mistakes too much
Data processing - To improve students’ ability to Be able to calculate the recovery
process raw data into results. of protein after isolation

- To support students’
understanding of the reason of
protocol steps in which data is
gathered (e.g. a weighing step).

In the following sections, we will first discuss when to include each type of question,
after which we elaborate on how to design such questions.

When to include theoretical and practical questions in protocol steps?

The choice to enrich a protocol step with interactive theoretical and/or practical
questions is based on the often implicit learning outcomes related to protocol steps,
and on motivational aspects. In terms of the learning outcomes, not all protocol steps
can contribute to improving students” understanding of the ‘why” (reason or theory) of
protocol steps or require practical choices to be made. For example, the protocol step:
“Place the Dumas aluminium sample cups in the sample tray of the Dumas apparatus”,
did in our case not contribute to the learning outcomes, so we did not include any
question for this step. Consequently, such protocol steps are also irrelevant to focus on
in troubleshooting or data processing. In terms of motivational aspects, a selection of
the interactive questions is prone to repetition. For example, a practical question on
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how to use a centrifuge may be applicable multiple times in one protocol, and may be
applicable to several protocols within the learning material. While we acknowledge
repetition as a key learning aid, we argue that repetitions should be limited to prevent
frustration. For this reason, the maximum of two questions on the same topic were
included, for the entire learning material.

When to include a troubleshooting scenario?

To help students combine and apply the theoretical and practical knowledge to identify
and solve (potential) mistakes, troubleshooting scenarios were introduced. In a trou-
bleshooting scenario, students are presented with a text describing a real-life scenario,
followed by pictures of (intermediate) results and/or data resulting from the protocol.
At some point in the scenario, an error has been incorporated. In corresponding
questions, students are asked to identify the mistake and/or to indicate if the mistake
can be fixed, and if so, how. Depending on the context, there were multiple follow-up
questions that together form a complete troubleshooting scenario. The decision to
include troubleshooting scenarios was based on teacher interviews, which yielded a
list of potential mistakes with a significant effect on the outcome, and frequently asked
questions by students. Based on this list, the troubleshooting scenarios were designed.
In practice it turned out that some protocols are not enhanced with a troubleshooting
scenario, while other protocols have multiple troubleshooting scenarios.

When to include data processing questions?

In case executing a protocol leads to the collection of raw data, students should also
understand and be able to process this raw data into results (i.e. by doing calculations).
For example, when students know they must do mass balance calculations, and
understand how these calculations are done, they may better realize why it is important
to accurately weigh their samples multiple times while executing the protocol. For this
reason, and when appropriate, practice calculations with exemplary raw data were
included in the interactive protocols.

How to design interactive closed-ended questions?

So far, it has been discussed when to enhance protocol steps with questions. In this
section, the focus is on how to design such questions. To design the interactive closed-
ended questions, several design principles from literature were applied (Clark and
Mayer, 2016; Diederen, 2005; Van Merriénboer and Kirschner, 2018), as shown in Table
5.2. Note that these design principles are generally applicable to the design of any
interactive closed-ended question.
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Table 5.2: Design principles (DP) for interactive closed-ended questions, including explanation

and application.

Code

Design principle

Explanation and application

Dr1

Include only one new
concept per question

To minimize unnecessary cognitive load, the content
should be broken down into small segments

(Clark and Mayer, 2016), which should be presented
one by one (Bannert, 2002). Each closed-ended
question may contain multiple concepts, but only
one of them should be new.

DP2

Avoid including material
that does not support
the instructional goal

“People learn better when extraneous material is
excluded rather than included” (Mayer, 2009a, p. 89).
All text and graphics that do not support the
instructional goal, e.g. background information, or
unneeded variables, should be avoided

(Clark and Mayer, 2016).

DP3

Force students to act

In order to trigger students to actively process the
information, the interactive protocol requires
students to answer all questions correctly before
they can proceed.

DP4

Provide feedback

“Providing feedback is an ongoing process in which
teachers communicate information to students that
helps them better understand what they are to learn,
what high-quality performance looks like, and what
changes are necessary to improve their learning”
(Dean et al., 2012, p. 3). Answer-specific feedback
should be given in all closed-ended questions, which
should help students to complete the questions
independently.

DP5

Provide calculation
hints

To guide students’ thinking process when doing
multi-step calculations, they can be provided by hints.
The hints can be accessed one by one, so that students
can choose to use only part of the support. The hints,
together with the feedback (DP4), will take away
many questions that would otherwise have to be
answered by a teacher.

DP6

Use different question
types

As a motivational element, the interactive protocols
use a range of question types such as multiple choice,
drag and drop, and fill in the blank questions.
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5.3 Showcase of the interactive protocols

The interactive protocols were built in a platform called LabBuddy (Krytb.v., Wageningen,
the Netherlands), and are illustrated in this section. Figure 5.1a shows the first part of a
protocol, including the interactive closed-ended questions. Initially, all questions are
collapsed to provide a good overview of the protocol. When a student clicks on ‘answer
question’, the question will open within the protocol step. Figure 5.1b shows an opened
question containing hints that must be opened one by one, and shows an example of the
feedback provided when a correct answer is submitted.

iSDS-Gel Electrophoresis 3 o i SDS-Gel Electrophoresis 20 @
Protocol Protocol
Sample preparation Sample preparation
Dilute your sample(s) to a protein concentration of 1-5 mg/mL, use demineralized water. n Dilute your sample(s) to a protein concentration of 1-5 mg/mL, use demineralized water.
Practical question: @ Answer question Practical question:

You have a protein isolate with a protein content of 80%, and dry matter content of 90%. In order
b o to do SDS, you need to make a protein solution with 1-5 mg protein/mL. Starting of with 40 mg of

protein isolate, how much demi water should you add to end up with a protein concentration of 3

e mg/mL?

Prepare sample buffer: add 20 uL B-mercaptoethanol to 780 pL pre-sample buffer, use a pipette .

Theoretical question: @ Answer question ~ Click for hint #1

The protein isolate does not fully consist of protein. You have to correct for dry matter content

Theoretical question: @ Answer question B
and protein content.

b. o ~Click for hint #2

If you would add 10 mg of protein to 1 mL of demi water, you have a concentration of 10
mg/mL. To end up with 3 mg/mL, you have to divide 10 by 3. So, in this example you would

Transfer 10 pL of sample to an Eppendorf tube and subsequently add 20 pL of sample buffer, use a

pipette . need 3.33 mL of demi water.

}oo

Incubate the samples for 5 minutes in a Thermomixer at 100°C and 400 rpm. Let the samples cool Ishouldadd 9.6 mL of demi water.
down to room temperature afterwards. Feedback
Theoretical question: @ Answer question
Correct!

A) The 40 mg isolate, after correcting for protein content and dry matter content, contains 28.8

l*o (1] mg protein.

B) 28.8 (mg of protein) / 3 (final concentration) = 9.6 mL of demi water to be added.

Submit Answer m
Prepare the gel for electrophoresis.

» Click for more details h
b o
3 2]

* Load 5 pl of the marker in one of the lanes, use special tips. Theoretical question: @ Answer question

Preparing the gel

Prepare sample buffer: add 20 uL B-mercaptoethanol to 780 L pre-sample buffer, use a pipette .

* Load 20-30 pl of sample in the gel pocket (check the maximum capacity of the pocket! And also N . .
N . . Theoretical question: @ Answer question
write down the samples loaded in various lanes!).

Figure 5.1: a) The first part of an interactive protocol with links that will open the question
once clicked on it; b) Opened question in the first protocol step, with visible hints and feedback.

5.3.1 Examples of theoretical and practical questions

In Figure 5.2, examples of theoretical questions (Figures 5.2a, b, and c) and practical
questions (Figures 5.2d, e, and f) are shown.
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Theoretical question:
Below the set-up for the calibration curve. Calculate the concentration of tannic acid in the

calibration samples.

Present the values with one decimal.

Number  Viannicacid stock (ML) Vatemineralizedwater (mt) ~ Ctannic acid (Wg/mL)
1 0.0 40
2 1.0 30
3 20 20
4 3.0 10
5 40 0.0

B

Theoretical question:
Upon centrifugation you obtain a pellet and a supernatant.
Indicate which compounds are present in the pellet and which are present in the supernatant by

dragging them to the correct box.

Low Mw

compounds el wall

material

Proteins
Starch

)

o

Submit Answer

. J

Practical question:
To read the volume accurately, the observation must be at an eye level and read at the bottom of a

meniscus of the liquid level.

Read off the volume of demineralized water, illustrated in the figure below.

Answer:

Submit Answer

Theoretical question:

Indicate whether the following statements are true or false.

By blending, the cell structure is disrupted, enabling the protein to dissolve. - pick one- ¥
By blending, the proteins denaturate, forming insoluble aggregates. -pickone- ¥
By blending, various compounds are solubilized, affecting the pH. -pickone- ¥

Practical question:
How to do spectrophotometric analysis?

Four steps are listed below. Put them in order.

Available Items Selected Items

Calibrate the spectrophotometer with
the blank.

=

Turn on the spectrophotometer and

N

.| allow it to warm-up for 15 minutes.

Remove the blank and measure the

w

.| absorbance of your samples.

Choose and set the wavelength of light

»

to analyze the sample with.

Practical question:

What steps need to be taken if the test tubes are to be stored in the refrigerator?
Select one or more answer options:

Label the test tubes (e.g. name and content on the test tubes).

Cover the test tubes with aluminium foil.

Cover the test tubes with parafilm.

Submit Answer

Figure 5.2: Examples of theoretical questions (a, b, and c) and practical questions (d, e, and f).
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5.3.2 Examples of questions in troubleshooting scenarios

In Figure 5.3, two troubleshooting questions are shown. The first question describes a
situation in which a fellow student loses his/her patience and adds too much NaOH.
Then, through this question, advice should be given on how to solve the situation
(Figure 5.3a). The second question is part of a scenario in which a student made a poor
calibration curve, asking whether he/she will have to redo the calibration curve alone,
or also the samples (Figure 5.3b).

Scenario 1A

In step 2 of this protocol, you have to increase the pH of your solution to 8.5 - 9.0. While you are waiting for the
pH meter to be free, you see your fellow student at first slowly adding NaOH, while stirring the solution. The
pH drops increases very gradually. After some time, your fellow student loses her patience, and adds many
droplets of 4M NaOH to the solution at the same time. Suddenly the pH increased to 12.9.

What is your advice to her?

Select one of the answer options:
A pH of 12.9 is far away from the iso-electric point (pl) of the proteins, so they will be
highly soluble. Since this was the goal of increasing the pH, she can just continue they
way it is.
A pH of 12.9 can over time lead to protein hydrolysis. So, she should directly decrease
the pH using HCI.
At pH 12.9, there is arisk of partial unfolding and irrevesible aggregation of the proteins.
So, she should directly decrease the pH using HCI.

Submit Answer

Scenario 1C

d

Besides the calibration curve, the student also measured the absorption of the samples of interest. In order to
get a better calibration curve, the student needs to repeat this part of the protocol. Does the student also
need to repeat the experiment for the samples of interest, or can the earlier measured absorbances still be

used?

The results for the samples of interest ~

can be reused when a good calibration curve is obtained

Submit Answer have to be measured again, along with the calibration curve

Figure 5.3: Two examples of troubleshooting questions.
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5.3.3 Example of a data processing question

In this example, a seven-step data processing question in which students calculate
protein recovery for two samples is shown (Figure 5.4a). All intermediate and final
calculations can be submitted to the system, which will subsequently indicate for each
answer whether it is correct. Furthermore, a worked example, including a visual, is
provided as a hint (Figure 5.4b).

Calculate the protein recovery of the chickpea protein concentrate and chickpea protein isolate. ¥ Click for hint #1
Results of concentration: How to calculate protein yield (wet and dry), protein recovery, and protein purity,
Starting material : 17.2g defatted chickpea cake, with a dry matter content of 87.5% according to the following example:
Result : 7.48g chickpea protein concentrate, with a dry matter content of 84.7%
100 30
Results of isolation: g g
Starting material : 21.7g defatted chickpea cake, with a dry matter content of 87.5%
Result : 3.45g chickpea protein concentrate, with a dry matter content of 91.4% 40g Water Protein

isolation 5g Water

40g Rest :> 10g Rest

20g Protein 15g Protein

» Click for hint #1

Parameter Concentrate  Isolate

1. Grams of dry chickpea concentrate/isolate

2. Grams of protein in dry chickpea concentrate/isolate (see protein content) Protein yield (wet) = (Grams of protein/ grams of wet starting material) * 100%.

3. Protein purity on a dry basis (%) .
In the example given above: (15 / 100) * 100% = 15%
4. Grams of dry defatted chickpea cake
Protein yield (dry) = (Grams of protein / grams of dry starting material) * 100%.

5. Protein yield on adry basis (%)

.. . . In the example given above: (15 / 60) * 100% = 25%
6. Grams of protein in dry defatted chickpea cake (see protein content)

n _ . - . IO
7. Protein recovery ona dry basis (%) Protein recovery = (Grams of protein / grams of protein in starting material) * 100%.

In the example given above: (15 / 20) *100% = 75%

Submit Answer Reset @ Protein purity = (Grams of protein in sample / grams of dry sample) * 100%. @

In the example given above: (15 / 25) * 100% = 60%

Figure 5.4: a) Example of a data processing question; b) The opened hint, being a worked
example with visual.

5.4 Evaluation of the interactive protocols

The designed learning material consisted of seven interactive protocols, and were
evaluated in terms of the design goal: to help students to i) understand the ‘why’ (reason
or theory) of protocol steps, ii) make practical choices and iii) do troubleshooting. The
seven evaluated protocols consist out of a total of 55 protocol steps, which were enriched
with 27 theoretical and 11 practical questions. Five troubleshooting scenarios were
introduced, which comprised a total of 12 questions. In four protocols, students obtain
raw data that must be processed into results by doing calculations. In those protocols,
students can enter a total of 36 (intermediate) values in the corresponding calculation
questions.

5.4.1 Participants

All students (N = 200) were enrolled in the bachelor level course Food Chemistry (168
study hours). The course was attended by students who were enrolled in the bachelor
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study Food Technology (66%), Biotechnology (10%), or another bachelor programme
(24%). Students were on average 20.2 (SD = 1.8) years old, 59% of the participants was
female, while the others were male, and 82% of the participants were Dutch, while the
rest had other nationalities.

5.4.2 Procedure

All student activities related to the evaluation procedure are shown in Table 5.3.

Table 5.3: Student activities related to the evaluation of the interactive protocols.

Code Student activity Measurement Day* Duration
Al Preparative assignment N/A 1 2h

A2 Interactive protocols Student behaviour** 2 4h

A3 First questionnaire Evaluation of design goal 2 5 min

A4 Laboratory classes N/A 5-9 20h

A5 Second questionnaire  Evaluation of design goal 9 5 min

* Running days relative to the start of the experiment.
** This has been elaborated in chapter 6.

Before students started working in the interactive protocols, they first engaged in a
preparative assignment (A1l). In this assignment, students designed the experiments for
the laboratory work that was scheduled for the week after. The preparative assignment
and the interactive protocols (A2) were scheduled as compulsory activities prior to
the start of the laboratory classes. Upon completion of the interactive protocols,
students were asked to complete the first questionnaire (A3), which led to N = 185
responses. The aim of this questionnaire was to evaluate each of the four question
types (theoretical, practical, troubleshooting, and calculation questions) before students
started the laboratory work. All questions had a 5-point Likert scale (1 = disagree, to 5 =
agree). On the last day of the laboratory classes (A4), students were asked to complete
the second questionnaire (A5), which led to N = 190 responses. In this questionnaire,
students were once again asked to reflect on the usefulness of the theoretical, practical,
troubleshooting, and data processing questions. Only the results from students who
filled in both questionnaires (N = 172) were included in the analysis.

5.4.3 Evaluation: was the design goal achieved?

The questionnaire results that were used to evaluate whether the design goal was
achieved are shown in Table 5.4. The design goal was threefold: to help students to i)
understand the ‘why’ (reason or theory) of protocol steps, ii) make practical choices and
iii) do troubleshooting.



Table 5.4: Combined results of the first (before lab work) and second (after lab work) questionnaires. The values represent the percentage
of students (N = 172) who selected the corresponding answer option. Shading was used to visualize the distribution of the results. All
questions (Q) had a 5-point Likert scale (1 = disagree, to 5 = agree).

Code Short description Timing of question 1 2 3 4 5 445
Q1.1 Theoretical questions - understand protocol steps Before lab work 0 0 9 727 14 091
Q2.1 Level of understanding of theory behind experiments After lab work 1 8 18 44 29 73
Q1.2  Practical questions - aware of practical choices Before lab work 1 6 14 53 26 79
Q2.2  Practical questions - helped to make practical choices After lab work 2 14 16 48 20 68
Q1.3  Troubleshooting - will make fewer mistakes Before lab work 1 3 26 52 18 70
Q2.3 Troubleshooting - aware of (potential) mistakes After lab work 6 53 26 11 4 15
Q1.4 Data processing questions - Confidence in processing data Before lab work 0 2 15 69 14 83
Q2.4 Data processing questions - Was useful to process the data After lab work 1 3 20 48 28 76

9L
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In terms of the first design subgoal (help students to understand the ‘why’ (reason or
theory) of protocol steps), 91% of the students indicated that the theoretical questions
in the interactive protocols helped them to understand the reason behind individual
protocol steps (Q1.1). After the laboratory classes, a more varying, and overall slightly
lower level of understanding was reported (Q2.1).

In terms of the second design subgoal (to help students make practical choices), the
results show that 79% of the students indicated that the practical questions helped them
become aware of the practical choices that must be made during the laboratory work
(Q1.2). More than two-thirds (68%) of the students indicated that the awareness they
gained by answering the practical questions in the interactive protocols helped them to
make practical choices during the laboratory work (Q2.2).

In terms of the third design subgoal (help students to do troubleshooting), 70% of the
students indicated that the knowledge they gained by answering the troubleshooting
questions would contribute to making fewer mistakes during the laboratory work
(Q1.3). However, after the laboratory work, only 15% of the students reported that the
troubleshooting questions made them more aware of (potential) mistakes during the
laboratory work (Q2.3).

Being aware of (potential) mistakes during laboratory work might be a bridge too far
for many second year BSc students. For students to be aware of (potential) mistakes,
they should first have a full understanding of the protocol steps. Second, they should
be aware of the level of their own skills. Third, they should be able to reflect on their
skills while executing a protocol in a cognitively demanding laboratory setting. Last,
students should also be willing to think about potential mistakes, while it has been
reported that students’ focus is typically on completion of the task in the laboratory
as quickly as possible (DeKorver and Towns, 2015). Since many students seem not yet
able to or willing to do troubleshooting in the laboratory, it adds extra value to include
troubleshooting scenarios to the interactive protocols, so that students will be able to
practice troubleshooting.

In terms of data processing, 83% of the students indicated that they were confident that
they would be able to process the raw data they would obtain during the laboratory work
(Q1.4). This confidence remained after students had completed the actual calculations
during the laboratory classes (Q2.4). In line with the results corresponding to the
theoretical questions (Q1.1 and Q2.1), the high level of confidence suggests that students
also had a good understanding of how to process the raw data obtained by executing
the protocol.
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5.5 Conclusions

The aim of this study was to design and evaluate a preparative learning material
that focuses on protocol steps with the design goal to help students to i) understand
the ‘why’ (reason or theory) of protocol steps, ii) make practical choices and iii) do
troubleshooting. To reach this goal, protocol steps have been enriched with theoretical,
practical, troubleshooting, and/or calculation questions to form interactive protocols.
This design process resulted in a list of design choices (i.e. when to include a question,
and how to design a question) and a showcase of questions in the interactive protocols.
These interactive protocols were implemented and evaluated in a real educational
setting. From the evaluation results it was concluded that the interactive protocols
were successful in preparing students for the laboratory work. After the laboratory
work, students reported a more diverse and slightly less positive contribution of the
interactive protocols to their understanding of the protocol steps and their ability to
make practical choices. A significant difference was found in the perceived usefulness
of the troubleshooting questions before versus after the laboratory work, which is
suggested as a topic for further investigation.
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Abstract

Virtual Experiment Environments (VEEs) have been shown as effective preparation steps
for laboratory classes in natural science education. Given the self-directed nature of
VEEs, students need adequate Self-Regulated Learning (SRL) skills. This study explores
the relation between students” perceived SRL level and their behavior and outcomes in
a VEE in the field of enzymology. Ninety-seven higher education students were divided
into three groups of perceived SRL level (high, medium, and low). The VEE learning
behavior (e.g. number of attempts and hints accessed) and VEE outcomes of these groups
were compared while keeping prior knowledge as a covariate. While low self-regulated
learners showed the least level of engagement with the VEE, high self-regulated learners
showed the most optimum learning activity. Medium self-regulated learners engaged
more in gaming the system behavior, and consequently learned the least. These results
suggest that there is a nonlinear relationship between perceived SRL level and outcomes,
since the intermediate level seems to be detrimental to learning, as explained through
behavior. The intermediate level was characterized by an increase in agency, but a lack
of goal-directed and planning behavior. Implications for self-regulated learning theory
and the design of VEEs in the best interest of students are discussed.
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6.1 Introduction and theoretical framework

6.1.1 Laboratory education

Laboratory education is a commonly used practice in natural science education and
is generally regarded as a vital component of a chemistry curriculum (Bruck and
Towns, 2013). Teachers have several goals for laboratory classes, including hands-on
research experience, group work, broader communication skills, data collection and
(error) analysis, planning, and laboratory report writing (Bruck and Towns, 2013;
Kirschner and Meester, 1988). However, many of these goals have been argued to be
better accomplished outside the cognitively demanding learning environment of the
laboratory (Hartog et al., 2009).

While it is acknowledged that laboratory practicals play an indispensable role in the
conveyance of tacit knowledge, concerns have been raised that not all intended learning
outcomes may be achieved by the students, and that some laboratory practicals may even
confuse or demotivate students (Kirschner and Huisman, 1998). Doubts on the quality
of knowledge construction and learning gains from laboratory classes (Abdulwahed
and Nagy, 2009; Hawkes, 2004; Hawkins and Phelps, 2013; Kirschner and Huisman,
1998; Kirschner and Meester, 1988) have been explained by their cognitively demanding
nature (Buntine et al., 2007). During laboratory classes students need to plan their time,
use (unfamiliar) equipment, find their way around the lab, remember all the safety
rules, translate a protocol into action, etc. When performing experiments, students use
most of their cognitive abilities for the act itself, the motor skills and the planning skills,
acquiring mainly tacit knowledge about the experiments, while underexposing higher
cognitive levels of scientific inquiry (Domin, 1999).

In addition, a number of practical challenges in laboratory education have been reported,
including, but not limited to, ill-prepared students, difficulties with teaching assistants,
high enrollments, diverse majors, a decline in resources and an increase in responsibilities
(Bruck and Towns, 2013). The use of laboratories is increasingly costly (Hawkins and
Phelps, 2013), and the effective and efficient use of time spent in the laboratory is a
necessity for all educational institutions (Kirschner and Meester, 1988).

Careful preparation for laboratory classes, such as practicing with the chemical concepts
and data analysis skills, has proven to increase the quality of knowledge construction
during laboratory classes (Bannert, 2002; Crandall et al., 2015; Winberg and Berg,
2007). Virtual and simulated laboratories are valuable assets to prepare students for
laboratory classes (Abdulwahed and Nagy, 2009), and are also a convenient and effective
replacement of laboratory classes, especially in contexts where the laboratory is not an
option such as distance education (Hawkins and Phelps, 2013).
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6.1.2 Simulations and virtual experiment environments

In order to prepare students for laboratory classes, many different learning activities have
been developed over the past decades, including pre-laboratory videos (Spagnoli et al.,
2017), animations (Limniou and Whitehead, 2010), pre-laboratory quizzes, tutorials,
(digital) assignments (Diederen et al., 2006a; Koehler and Orvis, 2003; Spagnoli et al., 2017;
Van der Kolk et al., 2013), and simulations (Crandall et al., 2015; Limniou and Whitehead,
2010). Simulations, virtual laboratories, online laboratories or remote laboratories, have
been referred to as non-traditional labs. An extensive review (Brinson, 2015, p. 218)
on the difference in achieved learning outcomes between students in a non-traditional
lab compared to traditional labs reported that “learning outcome achievement is equal
or higher in a non-traditional lab versus traditional labs across all learning outcome
categories (knowledge and understanding, inquiry skills, practical skills, perception,
analytical skills, and social and scientific communication)”. Another review of 17 studies
on the effects of computer simulations as a supplement or alternative to traditional
laboratory activities in science education concluded that traditional instruction can be
successfully enhanced by using computer simulations (Rutten et al., 2012). In most of the
17 reviewed studies, improved learning outcomes were shown. Also, when simulations
were used as a preparatory activity, positive effects were found for the comprehension of
the lab task as well as for practical laboratory skills during the real lab activity (Rutten
et al., 2012).

A simulation environment that can be used to prepare students for laboratory classes,
or even (partly) replace them, is referred to as a Virtual Experiment Environment
(VEE). A VEE is “any educational resource that enables students to design and /or carry
out virtual experiments and/or to process data, and to analyze and interpret results”
(Hartog et al., 2009, p. 376). A VEE can be a rich interactive learning environment
in which students work on self-directed learning tasks. Students can, for example,
design the experiments themselves, answer closed questions, ask for feedback or hints,
seek additional information about the chemical methods including visual information
such as videos, photos and animations, and process and make sense of data. In order
to complete a VEE, students must adopt an active learning attitude and, accordingly,
students need self-regulated learning skills.

6.1.3 Self-regulated learning

As educational psychology transitioned from behaviorism to cognitivism and construc-
tivism, learners were no longer considered as passive, receptive subjects, but rather as
subjects with agency (Bandura, 1986) responsible for their learning (Hoadley, 2018). The
behavioural, motivational, and metacognitive active participation of students in their
own learning processes is referred to as self-regulated learning (SRL) (Zimmerman,
1989). As students set their own learning goals, plan learning activities, execute tasks,
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adopt, enact, develop and refine strategies, monitor and control their learning process,
and adapt it to meet their goals, they engage in SRL (Hadwin et al., 2011). SRL is inherent
in goal-directed activity (Winne, 1997) and essentially a cyclical process (Zimmerman,
2015). Given SRL’s wide scope, different models of SRL have been proposed in literature
(for reviews, see Panadero (2017) and Winne (2015)). Although there is overlap between
them, the models focus on different aspects of SRL. This article adopts Zimmerman’s
cyclical phases model, for its balance in cognition, emotion and motivation as facets
of learning, and because it has been the most widely adopted according to its number
of citations (Panadero, 2017). Zimmerman’s model has been predominant as it offers
a robust and complete vision of different types of subprocesses that articulate the
interaction of students” personal and behavioural characteristics (Moos and Ringdal,
2012).

The cyclical phases model (Zimmerman, 2000; Zimmerman and Moylan, 2009) consists
of three phases, namely forethought, performance and self-reflection. Each phase, in
turn, is divided in two categories. The forethought phase comprises the categories of task
analysis and self-motivation beliefs. During the task analysis, the students set their goals
and strategically do their planning, which depends on motivational beliefs in relation to
the task, such as self-efficacy (i.e. to what extent they feel capable of accomplishing the
task), expectations, interest, and value. The categories of self-control and self-observation
determine the performance phase. As part of self-control, students choose the strategies
to approach the task, gather information, seek help, and manage the available time,
among other activities. Meanwhile, self-observation essentially refers to monitoring their
performance. Monitoring is central to the third phase, self-reflection, where students
evaluate their performance and react to the evaluation by making adaptations to the
forethought phase (e.g. adjusting the goals and modifying the plan), thus initiating
another cycle of SRL. In sum, SRL is a cyclical process through which students take
command of their own learning, stemming from task identification, planning learning
activities, monitoring progress, diagnosing problems, testing their learning outcomes,
adjusting, and reflecting (Schunk and Zimmerman, 2011; Zimmerman, 2000). SRL is
thus expected to increase efficiency when the learner addresses analogous tasks in the
future (Winne and Perry, 1994).

According to Vermunt and Donche (2017), the way students approach a learning activity
such as a VEE depends, among others, on their learning patterns. A learning pattern is
an interrelationship between the conception of learning, learning motivation, processing
strategies, and regulation strategies. These learning patterns influence the learning
outcomes of the students and are in turn influenced by contextual factors and personal
factors. Regulation strategies are a central element of the learning patterns. For example,
students who have a meaning-directed learning pattern, learn in a self-regulated way,
not limiting themselves to prescribed materials through consulting literature and other
sources.
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6.1.4 SRL in relation to outcomes and behavior

Students who set superior goals proactively, monitor their learning intentionally, use
strategies effectively, and respond to personal feedback adaptively not only attain
mastery more quickly, but also are more motivated to sustain their efforts to learn
(Zimmerman, 2013). Students’ beliefs about their efficacy to regulate their academic
learning activities have been found to be highly predictive of their academic achievement
(Zimmerman and Schunk, 2003). The personal capabilities that enable students to
develop as independent, self-regulated learners are highly related to their achievement
(Chen, 2002; Zimmerman and Pons, 1986).

Several SRL strategies have been listed, of which metacognition, time management,
effort regulation, and critical thinking were found to have higher associations with
academic achievement (Broadbent and Poon, 2015; Richardson et al., 2012; Zimmerman
and Pons, 1986). Most prior research has focused on the relation between regulation
and academic achievement in traditional classrooms (Boekaerts and Corno, 2005; Moos
and Ringdal, 2012; Vermunt and Donche, 2017).

More recently, the increasing availability and use of online learning environments (e.g.
massive open online courses (Kay et al., 2013) and learning management systems (Coates
et al., 2005)) are leading to a growing interest in the exploration of the interrelation
among students” SRL level and behavior and outcomes in these environments, given
the increased autonomy they confer upon students (Kizilcec et al., 2017; Tempelaar
et al., 2015). Students’ behavior in online learning environments has been measured
through a variety of indicators based on trace data, seamlessly recorded by these
environments. The behaviors chosen for analysis have customarily been determined by
the characteristics and features of the environments (Lowes et al., 2015). Commonly
explored students’ behaviors in online learning environments include number of logins,
time on task, number of discussion forum posts viewed and authored, number of
assignments completed, and number of accesses to different course pages (Gasevi¢
et al., 2016; Kovanovi¢ et al., 2015; Tempelaar et al., 2015). Although, in general, higher
levels of engagement in online learning environments have been associated with better
learning outcomes (Lowes et al., 2015), the findings in terms of the predictive power of
such behavioural variables on students’ learning outcomes have been mixed, spanning
all the spectrum from weak to strong (Gasevic et al., 2016; Tempelaar et al., 2015). The
study of these relations using massive open online courses has enabled big sample sizes,
in the order of hundreds (e.g. Tempelaar et al., 2015) or even thousands (e.g. GaSevié
et al., 2016) of participants. However, other types of online learning environments have
different characteristics than massive open online courses and require specific research,
since the characteristics and purpose of the environment strongly determine the students’
behavior (Gasevi¢ et al., 2016; Winne and Hadwin, 1998). This paper focuses on a
particular type of online learning environment (a VEE) designed to enhance students’
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learning outcomes from their laboratory practices. To date, little is known about the
relation between students’” SRL skills with their learning behavior and outcomes in the
context of a VEE, which is precisely what this research addresses.

6.1.5 Aim of the study

The aim of this study was to explore differences in learning behavior, in terms of how
often students access multiple forms of information included in a VEE, and learning
outcomes between groups of students with different perceived (i.e. self-reported) levels
of self-regulation. The following research questions were formulated:

1. What is the relationship between students” perceived SRL level and their VEE
behavior?

2. What is the relationship between students’ perceived SRL level and their VEE
learning outcomes?

3. What is the relationship between students” VEE behavior and VEE learning
outcomes according to their perceived SRL level?

6.2 Method

6.2.1 Participants

This study was conducted at a university in the Netherlands. All participants (N =97),
a group of students with heterogeneous educational backgrounds, were enrolled in a
168-h MSc level course related to enzymology. All students had previously obtained
a BSc degree in natural sciences: 39% from the Netherlands, 56% from a university
outside the Netherlands, and 5% was unknown. All students were enrolled in an MSc
study program, being Food technology (60%), Biotechnology (33%), or other (7%). Each
MSc study program is subdivided in several specializations. The prior knowledge of
students was diverse because of the aforementioned differences in prior education, MSc
study program, and specialization. The students were 23.3 years old (SD = 2.4) on
average. About 63% of the students was female and the rest were males.

6.2.2 Independent and dependent variables

The independent variable in this study was the self-reported or, in other words, perceived
level of SRL. The dependent variables were students’ VEE behavior (i.e. attempts to
complete preparation questions, number of clicks, feedback on experimental design,
background information, attempts for simulation questions, answers requested, and
hints accessed) and VEE learning outcomes in terms of content-specific knowledge.
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Students’ prior knowledge was included as a covariate in the data analyses to be able to
control for differences in this regard.

6.2.3 The LabBuddy VEE

The VEE was purposefully developed for the course as a preparation for the laboratory
classes. The VEE is an extended version of a previously developed web-based experiment
designer and web laboratory manual (Van der Kolk et al., 2012), nowadays known
as LabBuddy (Kryt b.v.,, Wageningen, the Netherlands) (Van der Kolk et al., 2013).
Figure 6.1 depicts four screenshots of the LabBuddy VEE, including some annotated
functionality.
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Figure 6.1: LabBuddy VEE screenshots. a) Starting situation. b) Situation where three chemical
methods have been added to the flow scheme, and the fourth (“Bradford”) is currently being
dragged into the flow scheme. c) Example of a completed flow scheme. d) Example of the
content of a method.

Figure 6.2 depicts a schematic overview of the LabBuddy VEE procedure including
labels of the corresponding students” VEE behavior (i.e. Bl through B7), which are
described later on in Table 6.2. Students are provided with preparation questions (B1)
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Figure 6.2: Flow scheme of student activities: preparation questions and virtual experiment
environment. Labels Bl — B7 indicate where student behavior was measured, as further
explained in section 6.2.4.

before entering the VEE, to ensure that they have the required basic knowledge needed
to understand the topic of the VEE.

This VEE (B2) contains a self-directed learning task through which students can actively
learn and apply concepts related to the laboratory class. The task consists of answering
six research questions, which are provided by a virtual teacher (Figure 6.1a). To start
off, students define a hypothesis on each research question. Next, they make an
experimental design in the form of a flow scheme (Figures 6.1b and 6.1c), where each
block corresponds to an available chemical method. In other words, students must
select and connect the chemical methods to each other in a logical sequence. To verify
the correctness of the flow scheme, students can request feedback from the virtual
teacher (B3). In case the flow scheme is incorrect, the virtual teacher guides them
towards the correct solution. Each chemical method, which must be further opened
by students, contains the following tabs (Figure 6.1d): 1) background information, 2)
method (containing the detailed lab protocol), 3) results (containing raw data), and,
if applicable, 4) calculations. The background information tab often contains, next
to general information about the method, a collapsible that students can open for
more detailed information (B4) on the method. To motivate students to go through
the information, the background information and method tabs incorporate one or
more closed questions (B5). All questions belonging to one method must be answered
correctly before any results can be unlocked. The results obtained from the VEE are
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directly affected by the flow scheme made by the students. For example, in case the flow
scheme is incomplete, an incomplete dataset is provided by the VEE. Simulating real
laboratories, all virtual chemical methods yield raw data, which students must process
and perform calculations on using for example Microsoft Excel. If a student cannot find
the correct answer to a calculation, he/she can request it from the VEE (B6), after which
the VEE provides him/her with the correct answer. Students can also opt to access
hints (B7) that help them while processing the data and/or performing the calculations.
Depending on the nature of the question, up to four hints are available per question,
and 28 hints in total for the whole simulation. The results of the calculations must be
entered in the calculations tab. Once all prerequisites to answer a research question are
tulfilled, students can consult the virtual teacher to interpret their results, do further
calculations if necessary, and finally accept or reject their hypotheses. Whenever there
is something that requires the students” attention (e.g. feedback or an unanswered
question), a blinking signal (Figures 6.1a and 6.1b) will appear to guide students in their
progress.

6.2.4 Procedure

The course in which the VEE was used, took place over a period of eight weeks. The
experiment started at the beginning of the second week. Student activities in relation to
the VEE with corresponding measurements and time schedule are shown in Table 6.1.
Attendance was compulsory for all activities. Before entering the VEE, students were
given 30 minutes to complete a pre-knowledge test (A1) on paper. The pre-knowledge
test consisted of 13 open questions, covering all content-specific learning outcomes of the
VEE. Each correctly answered question was rewarded with one point, yielding a range
of scores for students between zero and 13 points. The assessment of the pre-knowledge
test was done by a domain-related expert, who used a detailed key. The key included
how many points should be awarded for specific answers. A randomly selected sample
(N =10) was checked by another domain-related expert to make sure that the assessment
was accurate and reproducible. The scoring by both experts was identical. Most of the
students (N = 93) completed the pre-knowledge test, while four students were absent
that day. The scores of this test (M = 5.1, SD = 2.3) were used as a measurement of their
content-specific prior knowledge.

After the pre-knowledge test, students started working individually on 17 closed
questions on the computer, which served as preparation (A2) for the VEE. Once the
preparation questions were completed, a link was provided to access the VEE (A3).
Students used the VEE for an average of 7.5 hours distributed over the first three days
of the start of the experiment. Computer rooms were available and three carefully
instructed supervisors were present to answer possible questions of students. However,
due to the self-explanatory nature of the VEE, only few questions were raised by the
students. Alternatively or additionally, students were able to access the VEE from any
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Table 6.1: Student activities with corresponding measurement(s) and time indications.

Code Student activity Measurement Day* Duration
Al Pre-knowledge test content-specific prior knowledge 1 30 min
A2 Preparation questions student behavior 1 60 min
A3 VEE student behavior 1-3 7.5h

A4 Post-knowledge test ~ content-specific knowledge 9 30 min
A5 Laboratory classes N/A 9-12,15-19 27h

Ab Survey perceived SRL level 26 15 min

*Running days relative to the start of the experiment. There were no course activities in between the VEE
and the post-knowledge test.

device connected to the Internet at any time over the period established for VEE usage
(i.e. days one to three). Students took advantage of this possibility, as 19% of the digital
traces were logged outside of the scheduled computer room time of days one and two
of the experiment. After the scheduled time of day three, all students had completed
the VEE.

The VEE was intended to prepare students for the laboratory classes. Accordingly, a
post-knowledge test was conducted (A4) just before the start of the laboratory classes to
determine the learning outcomes of the VEE. This test consisted of 13 open questions
slightly different than the pre-knowledge test. The assessment procedure of the post-
knowledge test was the same as for the pre-knowledge test. Four students were absent
on the post-knowledge test day, and therefore did not complete it. The scores (M =7.2,
SD = 2.6) were used as a measure of the content-specific knowledge the students (N =
93) had at the time of initiating their laboratory practice.

There were no other course activities in between the pre- and post-knowledge test, other
than the VEE. Students were not aware that a post-knowledge test would follow, to
prevent targeted studying for it. The validity of these self-made knowledge tests was
obtained through three experts including the main teacher of the course. A survey on
perceived SRL level (A6) was performed at a later date, independent from the VEE.

Measurement of students” VEE behavior

Students’ behavior in the LabBuddy VEE (Figure 6.2, labels B1 — B7) was measured by
digital trace data, which is most commonly aggregated by frequency counts in studies
linked to SRL (Hadwin et al., 2007; Van Laer and Elen, 2018). Therefore, aligned with
the literature and particularizing for the LabBuddy VEE, the seven aspects of students’
behavior measured are described in Table 6.2.

The focus was clearly on count measures, while time-on-task measures have been
excluded on the twofold basis of measurement challenges and relevancy, which is
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Table 6.2: Explanation of the student behavioural aspects analyzed.

Code Behavioural aspect

Bl Number of extra attempts to complete the preparation questions (= total
number of attempts minus minimal attempts possible for completion (17))

B2 Number of meaningful clicks in the simulation

B3 Number of times student accessed the virtual teacher for feedback on the
experimental design

B4 Number of unique background information units accessed

B5 Number of extra attempts to complete all questions in the simulation (= total
number of attempts minus minimal attempts possible for completion (49))

B6 Number of times a student requested the answer to a calculation

B7 Number of unique hints accessed

elaborated on next. Kovanovic et al. (2015) conducted a thorough study of 15 different
time-on-task estimation strategies, and how they compare to count measures in explain-
ing differences in students’ learning outcomes. They conducted experiments in two
different settings: blended learning and fully online learning. Based on their findings,
they concluded that “with all the challenges in accurate estimation of time-on-task,
given the off-task behaviours, [...] perhaps using time-on-task measures should be
reconsidered and counts measures be more promoted” (Kovanovi¢ et al., 2015, p. 104).
Still, they found time-on-task to be an important variable to consider in fully online
learning settings, but not in blended learning, which is the case in our study. This was
explained by evidence that “the relative amount of activity per student is much higher
in the fully online course” (Kovanovic et al., 2015, p. 103).

Further clarification needed in relation to some of the count measures used follows.
Meaningful clicks (B2) were considered those necessary to carry out the VEE assignment,
including use of the support provided by the environment. For example, when a student
clicked to open a hint within an analysis method, the click was added to the count of
meaningful clicks, but the click to close it afterwards was not counted. This is because it
was optional to close a tab or hint, and after switching to, for example, another analysis
method, all previously opened hints were closed automatically. Moreover, access to a
specific background information unit (B4) or hint (B7) was only logged the first time it
was accessed.

Measurement of perceived SRL level

The self-regulation scale of the Inventory of Learning Styles (ILS) (Vermunt, 1998), a
questionnaire for higher education, was used to measure students’ self-reported SRL
level (A6). ILS was chosen, because the ILS inventory was developed based on qualitative
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and quantitative empirical studies with university students and has been applied and
validated in many studies ever since (Vermunt and Donche, 2017). The scale consists
of seven items on self-regulation strategies, such as “When I have difficulty grasping a
particular piece of subject matter, I try to analyze why it is difficult for me” and “I do
more than I am expected to do in a course”. Students rated each item on a five-point
Likert scale ranging from “I do this seldom or never” to “I do this almost always”. The
reliability and validity of these scales have been reported as adequate in various contexts
(Roth et al., 2016; Vermunt and Vermetten, 2004). In this study, the reliability coefficient
for the self-regulation scale of the ILS was satisfactory (Cronbach’s ov = .80). A small
number of participants (N = 8) was not considered for the analysis since five students
were absent and three failed to complete the questionnaire. Based on the scale scores of
those who completed it, students were subdivided into three groups of approximately
equal size: low self-reported SRL level (N =31, M =2.0, SD = 0.4), medium self-reported
SRL level (N =30, M = 2.8, SD = 0.1), and high self-reported SRL level (N =28, M =
3.4, SD = 0.3). This categorization resulted in statistically highly significantly different
groups (F (2, 86) = 128.16, p < .001, n* = .75).

6.2.5 Analysis

Univariate analyses of variance were used to find out whether the three self-regulation
groups were significantly different in terms of their VEE behavior, and significantly
different in terms of their VEE learning outcomes as indexed by the post-knowledge
test results. The results of the post-knowledge test were corrected for variance in prior
knowledge by considering prior knowledge as a covariate. This method was justified
and chosen over a repeated measurement analysis, since the pre- and post-knowledge
questions tested the same concepts but were not identical. If a significant overall
difference between the three groups was found, repeated contrast analyses were carried
out to examine statistical differences among the various groups.

A correlation analysis for each perceived SRL level was performed to investigate the
relationship of the VEE learning outcomes to the students’ prior knowledge and their
VEE behavior.

6.3 Results

6.3.1 Perceived level of SRL in relation to VEE behavior

The results for the behavior of students with high, medium, and low level of perceived
self-regulation in the preparation questions and the VEE are shown in Table 6.3.
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Table 6.3: Quantitative data on each behavior variable, grouped by perceived self-regulating
ability.

Code Variable SRL M SD F Sig 7?

Bl Attempts preparation questions ~ Low 15.67¢ 9.25 3.13* .06 .07
Medium 24.68°  16.02
High 21.62 11.23
Total 20.51 12.89

B2 Number of meaningful clicks Low 1154.20* 375.66 4.10* .02 .09
Medium 630.21°  744.77
High 482.00  605.49
Total 41433  617.89

B3 Feedback on experimental design Low 7.73 592 013 .88 .00
Medium 8.11 5.19
High 8.54 7.08
Total 8.11 6.02

B4 Background information Low 5.20 3.27 080 45 .02
Medium 5.71 2.62
High 5.81 3.29
Total 5.56 3.05

B5 Attempts simulation questions Low 74.17 3136 076 .47 .02

Medium 87.29 26.99
High 81.04 37.40
Total 80.67 32.12
B6 Answer requested Low 23.902 20.32 527¢ 01 .12
Medium 47.50° 29.83
High 28.772 19.95
Total 33.27 25.69
B7 Hints accessed Low 18.60 5.30 095 .39 .02
Medium 20.96 413
High 19.92 5.84
Total 19.80 5.16

* Significant at the .05 level.
2 Self-regulation group is significantly different from P in terms of the behavior variable.

The attempts to complete the preparation questions (B1) were found to be significantly
lower (F (3, 80) = 3.13, p = .05, * = .07) for students with a low level of SRL (M = 15, SD
= 9) compared to students with a medium level of SRL (M = 25, SD = 16). The total
number of meaningful clicks in the simulation (B2) was found to be significantly lower
(F (3,80) =4.10, p = .02, n* = .09) for students with a low level of SRL (M = 1154, SD =
376) compared to students with a medium level of SRL (M = 1630, SD = 744). The total
number of answers requested (B6) was found to be significantly higher (F (3, 80) = 5.27,
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p = .01, n* = .12) for students with a medium level of SRL (M = 48, SD = 30), compared
to students with a low level of SRL (M = 24, SD = 20) and students with a high level of
SRL (M =29, SD = 20). No significant differences were found between the three levels of
SRL and the other behavioral aspects including the number of times students accessed
the virtual teacher for feedback on the experimental design (B3), the number of unique
background information units accessed (B4), the number of extra attempts to complete
the VEE (B5), and the number of unique hints accessed (B7).

6.3.2 Perceived level of SRL in relation to VEE learning outcomes

The descriptive statistics of the pre- and post-knowledge tests are shown in Table 6.4. A
univariate analysis of variance showed that the three perceived self-regulation groups
were significantly different in terms of students” VEE learning outcomes as measured
by the post-knowledge test (F (2, 77) = 5.36, p < .01, * = .12). The follow-up repeated
contrast analysis showed a statistically significant difference (p = .02) in VEE outcomes
between students with low level of self-regulation and medium level of self-regulation.
There was also a statistically significant difference (p < .01) in the post-knowledge test
between students with medium and high level of self-regulation. The sample size for
this statistical test was 81, which was the number of students who completed both the
survey and the post-knowledge test.

Table 6.4: Descriptive statistics of knowledge tests by perceived SRL level.

Perceived SRL level Pre-knowledge test Post-knowledge test

M SD M SD
Low 54 24 7.8 24
Medium 43 1.7 5.8 24
High 5.8 2.3 83 20

6.3.3 VEE learning outcomes in relation to VEE behavior, prior knowledge, and
perceived SRL level

The results of the correlation analyses for each perceived SRL level are shown in Table 6.5.
Many of the correlations were statistically significant, and moderate to strong. The VEE
learning outcomes showed positive strong correlation to the prior knowledge for the
low and medium groups of perceived SRL level, and moderate positive correlation with
the high group. In general, the VEE behavior correlated negatively with the learning
outcomes.
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Table 6.5: Correlation of VEE learning outcomes to prior knowledge and VEE behavior by
perceived SRL level.

VEE behavioral variables
Perceived SRL level Prior knowledge Bl B2 B3 B4 B5 B6 B7

Low 74 -29  -.60* .03 -45 -48* -46% -42%
Medium .69%* -41* -28 d6  -20 -25 -53% .01
High 41* -62% -46  -07 -18 -46% -43* -46*

** Correlation is significant at the 0.01 level (2-tailed).
* Correlation is significant at the 0.05 level (2-tailed).

6.4 Discussion

6.4.1 Perceived level of SRL in relation to VEE behavior

A clear pattern emerged for the three VEE behavioral variables with significant differences
in terms of perceived SRL levels, namely the total number of attempts to complete
the preparation questions (B1), the number of meaningful clicks (B2), and the number
of times the answer was requested (B6). The average values for the three variables
were ascending for low, high, and medium SRL levels, in that order (i.e. low < high <
medium). Low self-regulated learners showed the lowest level of activity, engaging the
least with the VEE and its resources. Aligned with the SRL theory, low self-regulated
learners thus proved to be the least agentic and least active group, with students taking
minimum control of their learning process (De Bruin and Van Merriénboer, 2017). At the
following level in the SRL hierarchy, the VEE activity of medium self-regulated learners
peaked. It is known that SRL skills develop with time and practice (Panadero, 2017). Our
findings suggest that, as students develop their SRL skills from low to medium, they go
from the lowest to the highest measured level of activity and use of learning resources
at their disposal. Their agency and willingness to own their learning process increase,
but their use of strategies is not mature, and their behavior shows low level of planning
(too much unnecessary activity). Finally, as the students evolve from medium to high
levels of SRL, their activity decreases to a more optimum level in between that of low
and medium self-regulated learners. The findings are thus consistent with the current
body of SRL knowledge (cf. Bjork et al., 2013; Zimmerman, 1998), which characterizes
the behavior of highly self-regulated learners as more goal-directed, relevant to their
learning process, involving a more carefully considered and purposeful use of strategies,
and a more rational use of resources.

The preparation for the VEE (B1) consisted of closed questions designed to compensate
for the differences in prior knowledge by providing content-specific feedback to incorrect
answers. Therefore, although the number of attempts to complete the preparation
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questions (B1) follows the pattern described above, it is affected also by prior knowledge
differences, still important at this point of the course. This might explain why students
with low SRL level required the least number of extra attempts. It is important to note
that least number of attempts does not necessarily mean greater learning at this stage.
Errors and mistakes are typically viewed as something to avoid during the learning
process, but research suggests, by contrast, that making errors creates opportunities that
are often an essential component of efficient learning (Bjork et al., 2013). Feedback on
errors is especially effective for learning if the errors were made with high confidence
(Butterfield and Metcalfe, 2001). Thus, the content-specific feedback may lead the
students to learning gains if properly used. Again, the same pattern was found when
it comes to the number of answers requested. Medium self-regulated learners went
beyond having significant differences with both low and high ones, to account, on
average, for twice as many requested answers as low self-regulated learners (48 vs. 24).
This conspicuous result clearly shows that medium self-regulated learners followed a
minimum effort approach and abused the VEE’s functionality of providing the answers
to the calculations, rather than doing the calculations themselves. Attempting to succeed
in an interactive learning environment (a VEE in this case) by exploiting properties of
the system rather than by learning the material is a strategy known as “gaming the
system” (Baker et al., 2010). Previous work has shown that one of the common ways
in which learners become careless and disengaged, is precisely gaming the system
(Azevedo, 2015). Because learners intentionally decide how to regulate their engagement
in (or disengagement from) learning, gaming the system, as procrastination and other
self-handicapping techniques, is a form of SRL (Winne, 2015). In other words, SRL is
not always beneficial and we should be talking of particular forms of SRL that lead to
better learning, rather than SRL in general. Our results highlight medium self-regulated
learners as clearly engaging in gaming the system, significantly more than low and
high self-regulated learners. However, it is worth noting that independently of the SRL
levels, on average, all students engaged in gaming the system, 24, 48, and 29 times for
the low, medium, and high SRL levels respectively. Lack of motivation and interest have
been found among the leading causes associated with this behavior (Baker et al., 2008).
User interface features designed to increase interest have been reported to decrease
gaming (Graesser et al., 2018). Nonetheless, apart from designing to enhance interest, it
is important to explore various forms of SRL instruction to prepare students to learn in
relatively new contexts (Cutumisu et al., 2015) such as VEEs.

The other VEE behavioral variables, namely the feedback requested on the experiment
scheme (B3), the additional background information requested (B4), the number of
attempts to answer the questions (B5), and the number of hints used (B7), showed no
statistically significant difference among the three levels of SRL. The feedback on the
experiment scheme (B3) and the use of hints (B7) can be associated to the SRL strategy
of help seeking, during the performance phase (Zimmerman, 2013). When students
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do not ask for help when they need it, they run the risk of undermining their learning
and achievement (Ryan et al., 2001). Normally, one would expect that students with
different SRL level vary in their help-seeking behavior. However, the specificity of the
feedback on the tasks usually available in online learning environments (e.g. VEEs),
may not give enough room for differences to appear, as opposed to more open learning
situations where knowing when and how to seek and apply help is an important part of
SRL (Greene and Azevedo, 2010; Roll et al., 2014).

Similarly, the specificity and format of additional information (B4) available to the
students, which can be associated with the performance phase SRL strategy of seeking
information (Zimmerman, 2013), together with the other support features available
(e.g. feedback on scheme, hints, and answers), might explain the lack of significant
differences in this variable.

6.4.2 Perceived level of SRL in relation to VEE learning outcomes

SRL is regarded as “constitutive of success in learning, problem solving, transfer,
and academic success in general” (Winne, 1997, p. 397). Based on previous findings
(Broadbent and Fuller-Tyszkiewicz, 2018; Schunk, 2012), students with a high level of
self-regulation skills are expected to have higher learning outcomes, as was the case
in our study. However, by showing medium self-regulated learners to have the worst
results, our findings indicate that there is no linear relationship between the level of
(perceived) SRL and learning outcomes. Rather, as learners progress in their SRL skills
in between low and high, there seems to be an intermediate phase that is detrimental
for learning. Apparently, this phase (i.e. medium SRL) is characterized on the one
hand by an increase in the students’ perceived agency (as reflected in higher scores
in the SRL questionnaire used), and on the other hand, by an abuse or random use of
resources available, showing lack of both planning and goal-directed activity, as clearly
evidenced in the VEE behavior discussed in section 6.4.1. The agency in these learners
is not yet matched by a strategic control of their learning process (Jarvela et al., 2018).
Effective learners seek deeper help (Luckin and Hammerton, 2002), while excessive help
is associated with shallower learning (Mathews and Mitrovi¢, 2008). Particularly, of
the help and support available to the students in the VEE used, medium SRL learners
abused the request of answers, thus avoiding obtaining the results by themselves and
learning to do so. In other words, as previously discussed, they engaged in gaming the
system behavior. Their lower learning outcomes come then as no surprise, since gaming
the system has been repeatedly reported to be conducive to poorer learning (Azevedo,
2015; Baker et al., 2008; Cutumisu et al., 2015; Roll et al., 2014).

Low self-regulated learners outperformed medium, and actually, they were not that far
from students with high SRL, which seems to be explained by the fact that they had a
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higher prior knowledge compared to medium self-regulated learners, and similar prior
knowledge compared to high self-regulated learners (Table 6.4).

6.4.3 VEE learning outcomes in relation to VEE behavior, prior knowledge, and
perceived SRL level

Two main ideas clearly arise from the results. First, prior knowledge as measured by the
pre-knowledge test showed statistically significant and moderate to strong correlations
with the VEE learning outcomes. This is an expected result since, historically, prior
grades tend to be the best predictors of subsequent academic success (Zimmerman,
2013). As the perceived level of SRL increased from low to high, the correlations of
outcomes to prior knowledge decreased from strong to moderate.

Prior knowledge is undeniably an advantage, and highly self-regulated learners activate
this automatically (Pintrich, 2000). But, in the case of insufficient prior knowledge,
highly self-regulated learners have the skills to cover the knowledge gap using effective
strategies. This can also explain the reduced correlation of prior knowledge of highly
self-regulated learners to their learning outcomes, as compared to students at the low
and medium levels of SLR. Aligned with the previous discussions, prior knowledge
accounted for more than half of the variance (R? = .55) of the learning outcomes of low
SRL students, and almost half of the variance of (R? = .48) of medium, while 17% of the
variance (R? = .17) of high SRL students, the latter having obtained the best results in
the post-knowledge test.

Second, in general, VEE behavior negatively correlated with the outcomes. Previous
studies indicate that there is indeed a link between student activity in online learning
environments and outcomes as measured by final grades (Chen, 2002; Cho and Kim,
2013; Colthorpe et al., 2015). Higher levels of activity are often associated with better
outcomes and greater student satisfaction (Lowes et al., 2015). Our results support
that there is a relationship between VEE behavior and outcome, but a negative one in
this case. The explanation is found in the number of answers requested (B6). Table 5
shows that, apart from prior knowledge, the number of answers requested is the only
variable with statistically significant (and at least) moderate correlations. The highest
negative correlation of this variable (B6) to VEE outcomes is found in the medium
SRL group, which had the poorest outcomes. As discussed in previous sections, this
gaming the system behavior (Baker et al., 2008) evidences disengagement (Azevedo,
2015) and impairs learning. The generally negative correlations of VEE behavior to
outcomes suggest that it would have been more efficient for the medium self-regulated
learners to not interact that much with the VEE, mostly because they tried to "abuse" its
resources. This result should be taken into account for the design of online learning
environments.
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6.5 Conclusions

In many disciplines, laboratory education is an essential part of the curriculum, as it
gives students the possibility to put the learned theories and procedures to the test,
and gain practical, hands-on experience on the subject matter. However, laboratory
education is expensive, and it has been shown that, often, students do not come to
the laboratory sufficiently prepared, which prevents them from obtaining the proper
skills from this practical learning opportunity. To mitigate this issue, VEEs such as the
LabBuddy VEE used in our experiment, have been developed to take advantage of online
learning environments for supporting students in familiarizing with the laboratory
environment, its methods, content-specific knowledge, and resources. Nonetheless, it is
important that students take ownership of their learning processes. Students differ in
their ability to set goals, plan how to meet their goals, use strategies to address tasks,
monitor their progress towards their goals, evaluate their performance, and adapt their
learning processes cyclically based on monitoring and control loops. In other words,
students vary in their level of SRL, but SRL can be taught and supported so that learners
become better at it (Winne, 1997), leading them to better learning outcomes (Bjork et al.,
2013).

In this study, students” perceived SRL level (i.e. low, medium, high) was explored
in relation to their VEE behavior (e.g. number of attempts and hints, number of
answers requested) and their VEE learning outcomes, while controlling for their prior
knowledge. In addition, the relationships between VEE behavior and VEE learning
outcomes depending on their SRL level were investigated. The results showed that, on
the one hand, as expected, students with a high SRL level obtained better outcomes,
but on the other hand, the relationship between these variables was not linear, since
medium self-regulated learners obtained the worst results. The medium groups” VEE
behavior suggested lack of goal-directed activity and planning, and showed the highest
level of activity with the VEE but overusing resources that impair learning, such as
number of attempts at answering the questions. This suggested random behavior,
and excessive request of answers (statistically significantly more than both their low
and high counterparts, and twice as many times as the students with low SRL). Such
behavior, known as gaming the system, has been repeatedly reported to be detrimental
to learning (Roll et al., 2014). The findings thus suggest the existence of an intermediate
SRL level between low and high, characterized by an increase in perceived agency,
ownership over the learning process and use of strategies and resources, but still lacking
goal-directed activity and appropriate planning and execution to meet the goals. The
medium SRL level seems to be a developing but not yet mature SRL level, a transitional
state between the low and high levels. The random and detrimental to learning behavior
of this group, indicates that special attention should be paid in SRL interventions to
this group, and to support students to move to a higher SRL level as soon as possible,
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where they will benefit from their increase in agency, but use it in a purposeful way
in the accomplishment of their goals, and improving their learning outcomes. The
phases of the SRL process have been largely studied and reflected in a variety of models
(Panadero, 2017). However, to the best of our knowledge, the phases of how the SRL
skills develop over time have received less attention.

In this study, it was also shown that prior knowledge correlated with the learning
outcomes, aligned with a historical tendency, and showed an inverse relation to the
SRL level. The more self-regulated students perceived they were, the less they relied
on their prior knowledge for their learning outcomes, since their ability to acquire new
knowledge was likely to be superior.

In general, and independently of SRL level, VEE behavior correlated negatively with
VEE learning outcomes. This has important implications for the design of VEESs, given
their role of supporting students’ laboratory practice. It is paramount to iteratively
design VEEs to maximize students” engagement and minimize the harmful gaming the
system behavior (Graesser et al., 2018). Students might benefit from a limited access
to ready-made answers, and only been provided with task solutions when there is
evidence in the VEE that they have been attempting the solution. Instead, the use of
hints and seeking information should be encouraged and seen by the students as the
standard procedure. Challenges are recognized as triggers of SRL (Perry, 1998). The
VEE should be designed for information and help-seeking strategies, giving answers
only exceptionally. In the real laboratory, this support is not available, and they need to
learn how to perform the calculations. The VEE acts as a scaffold to support learning
that is removed in the real laboratory practice. SRL is paramount to optimizing learning
and performance, but formal training is scarce (Bjork et al., 2013). Accordingly, it might
be important to embed SRL support in the VEE, for example, through prompts (Hadwin
et al., 2005).

The use of a questionnaire in this study has its limitations (Winne, 2015). It is known that
students are not always accurate when reporting their own use of strategies (Boekaerts
and Corno, 2005), and that questionnaires are static tools (Greene and Azevedo, 2010).
However, self-reported data is still the most frequent measure of SRL (Panadero, 2017),
and the field has heavily relied on them (Hadwin et al., 2011). Self-reported data is still
regarded as a valid tool when it is sufficiently tailored to the specific context in which
the study is being conducted (Panadero et al., 2016).

Future research could focus on the development phases of SRL, on how to prevent
students from staying at a medium SRL level, and on the effects of VEEs designed to
avoid gaming the system behavior and to promote SRL.
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Abstract

In natural science education, many experiments lead to the collection of raw data, which
needs to be processed into results by doing calculations. Teaching students how to
approach such calculations can be done using digital learning materials that provide
guidance. The goal of this study was to investigate students” behaviour regarding
the use of guidance while doing calculations, and to relate this behaviour to learning.
Sequential pattern mining was used to i) identify students” behaviour patterns while
doing calculations in an online learning environment, ii) study the relation between use
of guidance and early success on first attempt at submitting a calculated value, iii) study
the relation between students” use of guidance and learning gain, and iv) study the
relation between students’ use of guidance and prior knowledge. Students made a lot of
use of the guidance provided in the learning task. Students who used the option to check
their intermediate calculations and students who studied worked examples were more
likely to make a successful first attempt to complete the calculation when compared to
students who did not use this guidance. Guidance in the form of hints was used a lot,
although the usefulness of the hints alone was not quantified. We did not find a relation
between learning gain and use of guidance, while we did find a trend that students
with a low prior knowledge used more guidance compared to students with a higher
prior knowledge. The results of this study are a first indication that learning materials
designed based on the design principles that students should be provided with hints
and with the opportunity to check their intermediate calculations, contribute to enabling
students to independently complete calculations in digital learning materials.
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7.1 Introduction

7.1.1 Doing calculations in natural science education

In natural science education, many experiments lead to the collection of raw data, which
needs to be processed into results by doing calculations. As such, teaching students
how to approach calculations, or in more general terms, teaching students how to
solve problems, is an important aspect of natural science education. A problem occurs
“whenever there is a gap between where you are now and where you want to be, and you
don’t know how to find a way to cross that gap” (Hayes, 2013), and problem-solving is
“What you do, when you don’t know what to do” (Wheatley, 1984). Problem solving is
a complex skill, requiring a multi-step approach to get from the problem to the solution
(Belland, 2011). To train students from being a novice (i.e. experiencing procedural
difficulties during problem solving) towards being an expert in solving calculation
problems (i.e. approaching a problem guided by knowledge and experience), they
should be provided with a general problem-solving approach, and opportunities to
practice using this approach. Yuriev et al. (2017) introduced a problem-solving approach
based on problem solving in chemistry and related fields, consisting of five steps: i)
define and deconstruct the problem, ii) analyse the problem and its relevant context,
iii) create a plan based on the relationship between the data and the unknowns, iv)
implement the planned steps, and v) evaluate the results, which can lead to either
troubleshooting or to the solution to the problem.

While doing multi-step calculations, students should ideally go through all of these five
steps and will have to overcome the challenges that each of the five steps may present
to them. To help students face the challenges when doing multi-step calculations,
they can be provided with a learning material in which they can practice applying a
problem-solving approach. This learning material should provide guidance such as
hints and feedback. An advantage of the use of online learning materials over traditional
instruction is this support can be given to many students simultaneously and just-in-time
(Diederen et al., 2003). In traditional classrooms, the teacher experiences how their
personal guidance is received by students, while in an online learning material, this
feedback by students is less visible. The shift in guidance from teachers to the online
learning material raises questions such as: How do students use the guidance, and does
the guidance help to do the calculations?

One way to answer these questions, is by applying learning analytics to evaluate and
improve the design of learning materials (e.g. Law and Liang, 2020; Lockyer et al., 2013;
Mangaroska and Giannakos, 2019; Wiley et al., 2020). Learning analytics involves the
collection, analysis, and interpretation of (log) data of students’ interactions with the
environment, for purposes of understanding and optimizing learning in the environment
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(Gasevic et al., 2015; Greller and Drachsler, 2012; Hernandez-Leo et al., 2019; Siemens
and Long, 2011).

7.1.2 Sequential pattern mining and its application in learning process data

Sequential pattern mining (SPM) is an exploratory data analysis method defined as the
problem of finding interesting sequences in a dataset containing multiple sequences of
items (Agrawal and Srikant, 1995). In the context of educational data, an item may be
an action that a student executes in a computer-based educational system. For example,
in a learning management system a sequence of student actions might indicate how
students navigate the course content by watching lectures, downloading lecture notes,
and submitting an assignment solution. SPM differs from the other learning analytics
methods by focusing on the sequential relationships between items (Baker, 2010).

SPM has been applied to data from a wide range of educational settings—including
Learning Management Systems, Massive Open Online Courses, Intelligent Tutoring
Systems, computer-supported collaborative learning environments, educational games,
and course enrolment systems. Within those contexts, SPM has showed how it can
be used to highlight similarities and differences in engagement and learning across
students with regards to self-regulated learning (Kinnebrew et al., 2014; Taub and
Azevedo, 2018; Taub et al., 2018), inquiry-based learning (Chen and Wang, 2020; Kang
et al., 2017), and collaborative learning (Zheng et al., 2019; Zhu et al., 2019).

Researchers have applied SPM to educational data for a variety of purposes such as
mining learning behaviours, enriching educational theories, and evaluating the efficacy
of interventions. Frequent sequential patterns generated by SPM from learning process
data such as event logs can be used to identify common behaviour patterns across
students (Zhou et al., 2010). These behaviour patterns may reveal how students navigate
their activities within a learning environment and inform the learning design update
(Mirzaei and Sahebi, 2019). For example, Kang et al. (2017) applied SPM to gameplay
logs in Alien Rescue, a serious game for teaching middle school students scientific
problem-solving skills, to investigate how students” playing behaviours might vary on
different days.

SPM has been used to investigate how interpretation of mined sequential patterns
relate to educational theories. For instance, Taub and Azevedo (2018) applied SPM to
investigate how self-regulated learning behaviours and emotions influenced learning
and gameplay within Crystal Island, an educational game that teaches scientific inquiry
skills and microbiology. They linked gameplay behaviours, such as hypothesis testing,
to metacognitive monitoring strategies aligned with self-regulated learning theories. In
the context of Betty’s Brain, an open-ended learning environment where students learn
about complex scientific phenomena, Kinnebrew et al. (2017) showed how sequential
patterns discovered using SPM may not always align to predefined theoretical problem-
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solving models. They argued that these patterns may represent new learning strategies
that can be integrated in existing models to extend them.

Studies have also explored whether sequential learning behaviour patterns could capture
the effect of interventions. For example, Wong et al. (2019) designed weekly prompt
videos to facilitate students to think about their plan, monitoring, and reflection on
learning in a Coursera course. They compared students who watched at least one
prompt video (prompt viewers) and those not watching any prompt video (non-viewers).
The group of prompt viewers shared more sequential behaviour patterns than non-
viewers. Besides, prompt viewers tended to watch videos in the order that instructors
planned.

7.1.3 Learning task

The learning task that was used as the context for this study resulted from an educa-
tional design research project, and was embedded within a larger virtual experiment
environment in which students i) make an experimental design of chemical methods
to answer the given research questions, ii) study the chemical methods” background
information, iii) obtain raw data corresponding to the chemical methods, and iv) process
the raw data into results by means of interactive calculation questions (chapter 4). The
last part of the learning task requires students to complete three types of interactive
calculation questions. Each type of calculation question requires students to use a

different approach and must be solved multiple times for different datasets (Figure
7.1).

(Question) (Question) (Question) Calculation | Incorrect
type 1 type 2 type 3 .’ question attempt
Q1.1 Q2.1 CER1AN S ¢ 72
Q1.2 Q2.2 Q3.2 Use of
Q1.3 Q2.3 Q3.3 guidance
Q1.4 Q2.4
Q1.5 Q2.5 7

- AN AN J Correct ¢ /)

attempt

Figure 7.1: Schematic overview of the three types of calculation questions, including the
number of corresponding questions per type, followed by a flow diagram on how students
can get to a correct attempt for a question.

All interactive calculation questions provide students with guidance, so that students
should be able to complete the calculations without supervision. First, students can
choose to access procedural hints (Figure 7.2a). Hints can be opened one at the time,
while each hint provides a link to the next hint (if available). Each hint provides detailed
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information on the (next) calculation step. All hints together provide the procedural
information required to solve the problem, guiding students with the second, third and
fourth steps of the problem-solving approach (Yuriev et al., 2017). Second, when an
answer is submitted, the system will indicate with a green check or a red cross which
values are correct, and which values are incorrect (Figure 7.2b), which supports the fifth
step of Yuriev’s problem-solving approach. Third, students have the option to check
their intermediate calculations, which decompose the calculation into smaller parts
(Figure 7.2c). These intermediate calculations will be checked by the system, which
will indicate whether they are correct or incorrect (which respectively are the first and
the fifth step of Yuriev’s problem-solving approach. This functionality can be used to
check if the procedure (possibly acquired through the hints) was carried out correctly.
When an intermediate calculation is incorrect, students can choose to request the correct
intermediate value from the system. An overview of an interactive calculation question
is given in Figure 7.2d.
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In case you need help in processing your data, several hints are provided:
T(°C) Inactivation constant (kg) Half-lifetime (t1/2)

¥ Click for hint #1

20 0.025 (P day™? 28.1 (9 days
Calculate the average of the 3 replicates, and subtract the (average) 30 0037 @ day. 18.9 @ days
blank (BSA 0.0g/L) value from all the other average values. g
40 0.101 () day 6.8 () days
~ Click for hint #2 50 0.188 (P day? 37 Q@ days
Plot the calibration curve (BSA concentration on the x-axis, Feedback
absorbance on the y-axis). Incorrect.
. ) You can use the available hints (above the questions), and check your
» Click for hint #3 intermediate calculations.
| | = b
v Check your intermediate calculations (optional) 4. Calculations @ v
Formula calibration curve:y = 0.27 Dx+ 0 D Using the results you obtained, you can calculate the enzyme activity,

residual activity, inactivation constant (ky), half-lifetime (t4/,) and
activation energy (E,). Estimated time for data processing: 40 minutes.

Protein concentration 1 day germinated (t=1) (not yet corrected for In case you need help in processing your data, several hints are provided:

dilution) = 0.92 @ mg/mL. » Click for hint #1

Fill in the inactivation constants (kg) and half-lifetimes (t1/2) of a-
amylase in the extract of 4 days germinated (t=4) wheat for each
for dilution) = mg/mL. temperature.

Protein concentration 4 days germinated (t=4) (not yet corrected

T(°C) Inactivation constant (kq)  Half-lifetime (t1/2)

-1

Feedback 20 day days
30 day‘1 days
Incorrect. i
40 day” days
50 day'1 days

You can use the available hints (above the questions), and check

your intermediate calculations.
» Check your intermediate calculations (optional)

» Please give me the protein concentration for t=1 (not yet

corrected for dilution) C E d

Figure 7.2: Screenshots of interactive calculation questions. a) Procedural hints; b) Feedback
on submitted answers; c) Example of checking intermediate calculations, with feedback; d)

Overview of an interactive calculation question.

7.1.4 Goal and research questions

The goal of this study was to investigate students’ behaviour regarding the use of
guidance while doing calculations, and to relate this behaviour to learning. The
following research questions were formulated:

1. Which behaviour patterns can be observed while students are doing calculations
in an online environment?

2. Is there a relation between use of guidance and early success on first attempt at
submitting a calculated value?
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3. Is there a relation between students” use of guidance and learning gain?

4. Is there a relation between students” use of guidance and prior knowledge?

7.2 Method

7.2.1 Participants

All students (N = 81) were enrolled in a master level course in enzymology (168 study
hours) at a university in the Netherlands. All students had previously obtained a
bachelor level degree in natural sciences: 53% from the Netherlands, 37% from a
university outside the Netherlands, and 10% was unknown. All students were enrolled
in a MSc programme, either Food Technology (81%) or Biotechnology (19%). The
students were 22.9 years old (SD = 1.9) on average. About 64% of the students was
female, while the rest were males.

7.2.2 Study design
All student activities related to the study are shown in Table 7.1.

Table 7.1: Student activities related to the study, with corresponding measurements, measure-
ment output, timing, and duration.

Code Student activity Measurement Measurement Day*  Duration
output
Al Pre-test Ability to approach Test score 1 30 min
calculations

A2 Learning task Student behaviour while Userlogdata 1land2 4h
doing calculations

A3 Post-test Ability to approach Test score 8 30 min
calculations

* Running days relative to the start of the experiment. There were no course activities in between the
learning task and the post-test.

The calculations were embedded in a virtual experiment environment that was im-
plemented in a master level course. Given the pre-requisites for this course, students
were expected to have already developed problem-solving skills to some degree. To
measure students’ ability to approach calculations, they were asked to complete the
pre-test (A1), for which they got a maximum of 30 minutes. The pre-test consisted of
three open questions related to approaching calculations, on which students could score
a maximum of 13 points. An example of an open question is: “Describe as detailed as
possible all calculation steps you need to do to calculate...”. Most of the students (N =
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77) completed the pre-test. The scores (M =5.2, SD = 2.7) were used as a measure of
students’ ability to approach calculations.

After the pre-test, students started working in the virtual experiment environment,
which included calculations (A2) for which they needed an average of 4 hours to solve.
Most students completed the whole VEE, including the calculations, in 8 hours, at
day 2 of the experiment. User log data was collected, which is explained in more
detail in section 7.2.3. All students (N = 81) completed the assignment in the virtual
experiment environment (including the calculations) as this was a compulsory course
activity. One week after the pre-test, just before the start of the next course activity,
students were asked to complete the post-test (A3), for which they got a maximum of
30 minutes. The post-test was identical to the pre-test, and was completed by N =79
students. Students were not informed about the post-test, to prevent targeted studying
for it. There were no course activities in between doing the calculations and the post-test.
Students voluntarily completed the pre- and post-test (A1l and A3), while they were
aware that the anonymized results could be used for research purposes. The scores (M =
8.5, SD = 2.0) were used as a measure of students’ ability to approach calculations.

7.2.3 Log data pre-processing

User log data was collected for the complete learning task in the virtual experiment
environment. As we were mainly interested in students’ behaviour patterns while doing
calculations, we only kept the user log data that was related to completing calculations
for any of the three question types. Based on the context of the user log data, the
logs were labelled with action codes, which are described in Table 7.2. To distinguish
between code representing a single action and code representing consecutive actions,
consecutive actions of the same type were condensed and labelled as one action code by
adding a suffix (Kinnebrew et al., 2013). The used suffixes are: ‘+’, which means two
or more consecutive actions, ‘+2’, means: exactly two actions, ‘+3+" means: three or
more. For hints, ‘+all’ means: all available hints. The suffixes ‘+2’, and ‘+3+" were only
used for the GI and Al actions, to aid the interpretation of those actions. The suffix ‘+all’
was only used for opening hints, as there is a maximum number of hints that can be
opened.
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Table 7.2: Action codes, including condensed actions, with description and corresponding

category.
Action code Description Category
AC Student submits a calculated value, and is provided = Attempt
with feedback that the value is correct
AC+ Multiple consecutive AC Multiple attempts
Al Student submits a calculated value, and is provided  Attempt
with feedback that the value is correct
Al+2 Two consecutive Al Multiple attempts
Al+3+ Three or more consecutive Al Multiple attempts
GH Student opens a hint Guidance
GH+ At least two hints opened consecutively Multiple guidance
GH+all All hints opened consecutively Multiple guidance
GW Student accesses a worked example (only available Guidance
after mistake in GI, in T-stability)
NI Navigate to the section in which intermediate values ~Guidance
can be submitted (required before GI is possible)
GI Student submits a value of an intermediate Guidance
calculation, and is provided with feedback whether
the value is correct
GI+2 Two consecutive GI Multiple guidance
GI+3+ Three or more consecutive GI Multiple guidance
GA After submitting an incorrect intermediate value, the Guidance
student the student requests and receives the correct
intermediate value
GA+2 Two consecutive GA Multiple guidance
GA+3+ Three or more consecutive GA Multiple guidance
GC After submitting a correct value (AC), or after Information
correctly submitting all intermediate values (GI)
and submitting the final calculated value incorrectly
(AI), students click a link in the feedback which
provides a pdf with the full calculation
NB Navigate to background information Information
AD Student acquires an excel file with the raw data Not available*
required to answer a calculation question
NC Navigate to an interactive calculation question Not available*

* These actions are required by the system.
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In addition, all possible actions codes were assigned a category based on their purpose
within the learning environment. All codes action in which students submit a value
in the VEE were categorized as ‘attempt’. All actions in which students make use of
guidance were categorized as ‘guidance’. All actions providing students with general
information were categorized as ‘information’, for example when students clicked a link
to access a pdf document providing details about the required calculations (GC). In
the case of condensed actions, ‘multiple’ was added to the categories. The actions AD
and NC were not categorized, as these actions are required by the system in specific
situations. They were included in the table and in some results as they do provide
meaning. For example, the sequence AD => NC => AC indicates that students acquired
the dataset, navigated to an interactive calculation question, and submitted a correct
value, without using support in the meantime. After the pre-processing, a student’s log
data contained 224.37 actions on average (SD = 116.07).

7.24 Analyses

To find behaviour patterns of students while doing calculations in the online environment
(research question 1), the cSPADE algorithm was applied (Zaki, 2000). This is an efficient
SPM algorithm that has been used in other educational studies to find frequent sequential
patterns (Jiang et al., 2015; Kang et al., 2017; Wong et al., 2019). We implemented the
cSPADE algorithm via the arulesSequences package in R (Buchta and Hahsler, 2020). The
algorithm computed the support value for each sequential pattern, which represents
the proportion of students who used the sequential pattern. We wanted to cover as
many sequential patterns as possible, as such we set the minimum support to a small
value, 0.2, which meant that only sequential patterns with support no less than 0.2
were counted as frequent sequential patterns. We tried other values (including 0.1,
0.3, 0.4, and 0.5), but higher minimum support ignored many interesting patterns,
and lower minimum support (e.g. 0.1) generated excessive meaningless patterns. We
specified the maximum gap as 1 so that the algorithm would only consider action
sequences that matched a sequential pattern exactly as an instance of the sequential
pattern. For example, Al followed by GI further followed by AC was an instance of Al =>
GI => AC but not an instance of Al => AC. For each sequential pattern returned by the
cSPADE algorithm, its average occurrence in a student’s log data was computed. The
cSPADE algorithm generated 324 sequential patterns whose support was greater than
0.2. These patterns were inspected, after which all meaningless patterns were removed.
Meaningless patterns occurred for example when students first have to navigate to a
calculation question, before they can make an attempt to answer it (e.g. NC => AC).
Such a pattern does not contain more information than its sub pattern without the first
element (e.g. AC). After removing the meaningless patterns, 88 sequential patterns
remained.
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We investigated if there was a relation between use of guidance and early success by
comparing differences in use of guidance between students whose first attempt is correct
versus students whose first attempt is incorrect (research question 2). The learning task
that is subject of this study involves three types of calculation questions (as described
in section 7.1.3. Each type of calculation question requires students to use a different
approach and has to be done multiple times for different datasets. Since it is likely that
the amount of guidance that students need to solve multiple calculation questions of
the same question type will decrease over time, we chose to examine the difference in
use of guidance before students’ first attempt for each calculation type. Students’ log
data was split into three subsets with each containing the actions corresponding to each
of the question types. For each subset of log data, a student’s first attempt to answer a
calculation question and all actions after this first attempt were removed. The average
length of the remaining sequences was relatively short, being 15.53 (SD = 13.25) for a
correct first attempt, and 8.32 (SD = 6.96) for an incorrect first attempt at question type
1. The average length of the remaining sequences at question type 2 were 7.68 (SD =
7.23) for a correct first attempt, and 5.59 (SD = 7.39) for an incorrect first attempt. The
average length of the remaining sequences at question type 3 were 17.35 (SD = 10.37) for
a correct first attempt, and 14.25 (SD = 20.22) for an incorrect first attempt.

Differential SPM (Kinnebrew et al., 2013) was used to identify sequential patterns used
differentially by students who submit the correct answer at their first attempt versus
students who find an incorrect answer at their first attempt across the three subsets of
log data. Differential SPM typically achieves its goal through the following steps:

1. Discover frequent sequential pattern candidates within each group through
traditional SPM algorithms, such as the cSPADE algorithm.

2. Compute the occurrences per sequential pattern per student for all candidate
patterns identified in the first step, no matter in which group a pattern is frequent.

3. Apply statistical tests, such as t-tests, to identify candidate patterns that are
statistically significantly different in the occurrences between groups.

Because the investigated sequences were short (9.33 actions on average), it is unlikely
that a student will execute the same pattern more than once. As such, instead of
treating the frequency of occurrences of sequential patterns as continuous, we treated
them as binary variables: whether a sequential pattern occurred in a student’s action
sequence or not. The Fisher exact test was used to examine the differences in the binary
occurrence between the groups whose first attempts were correct versus incorrect (He
et al.,, 2019). As such, the support values between groups were compared. The p-values
were adjusted by the Benjamini and Yekutieli correction to control the false discovery
rate due to multiple comparison (Benjamini and Yekutieli, 2001). The magnitude of
the difference in a sequential pattern was characterized by the odds ratio = (n11+0.5) *
(n22+0.5)) / ((n12+0.5) * (n21+0.5)). n11 is the number of students whose first attempt
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was correct and executed the pattern, n12 is the number of students whose first attempt
was incorrect and executed the pattern, n21 was the number of students whose first
attempt was correct and did not execute the pattern, and n22 was the number of students
whose first attempt was incorrect and did not execute the pattern. Addition of the +0.5s
in the formula for the odds ration makes the odds ratio less biased (Gart and Zweifel,
1967). Rosenthal (1996) proposed a guideline for interpreting odds ratios: an odds ratio
> 1.5 (or < 0.67), > 2.5 (or < 0.4) and > 4 (or < 0.25) represents a small, medium, and large
effect, respectively.

To investigate the potential relation between students’ use of guidance and learning
gain (research question 3), we applied differential SPM to identify sequential patterns
used differentially by students with high, medium, and low learning gains. Interpreting
learning gain values is a challenge since they are dependent on students’ prior knowledge.
In other words, students who get a high score on the pre-test have limited potential to
improve towards the post-test. To provide as much contextual meaning to the learning
gains as possible, the following approach was taken. K-means clustering was used to
create two sets of three clusters of students, based on both the pre- and post-test scores.
Through both sets of clusters, students were grouped based on whether their result
on each test was low, medium or high. The average pre- and post-test scores for each
cluster are shown in Table 7.3. We also calculated the average learning gain for students
in each cluster to illustrate that students with lower pre-test scores were more likely to
show larger learning gains.

Table 7.3: Clusters with corresponding average pre- and post-test scores and average learning
gain.

Cluster pre-test  # students Average score (SD) Average learning gain (SD)

Low 19 1.66 (1.13) 4.84 (2.66)
Medium 37 5.18 (0.97) 3.34 (2.11)
High 21 8.50 (1.13) 1.31 (1.51)
Cluster post-test # students Average score (SD) Average learning gain (SD)
Low 20 5.78 (0.79) 2.38 (2.01)
Medium 24 8.19 (0.79) 3.52(2.95)
High 35 10.24 (0.71) 3.94 (2.60)

Based on the pre-test score, students were assigned to cluster low, medium, or high, and
based on the post-test score students were once again assigned to cluster low, medium,
or high. A student could for example be in cluster medium based on the pre-test score,
learn a lot during the learning task, and end up in cluster high based on the post test
score. This led to a total of nine possibilities, which were grouped and labelled as low
learning, medium learning, or high learning. Students (N = 16) were assigned to low
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learning if they dropped one or two clusters (e.g. cluster medium -> low). Students
(N = 35) were assigned to medium learning if they remained in the same cluster (e.g.
cluster medium -> medium). Students (N = 25) were assigned to high learning if they
increased one or two clusters (e.g. cluster medium -> high) (Table 7.4).

Table 7.4: The pre- and post-test clusters including the number of students assigned to each of
the options, with corresponding label of learning and average learning gain.

Cluster Cluster #students Learning Average learning
pre-test  post-test gain (SD)
High High 15 Medium learning 1.73 (1.40)
High Medium 6 Low learning 0.25 (1.33)
High Low 0 N/A N/A
Medium High 16 High learning 4.94 (1.42)
Medium Medium 11 Medium learning 3.14 (1.53)
Medium Low 10 Low learning 1.00 (1.11)
Low High 3 High learning 7.50 (0.87)
Low Medium 6 High learning 6.58 (1.74)
Low Low 9 Medium learning 3.44 (1.57)

The Kruskal Wallis test was used to examine whether the three learning groups had
statistically significant differences in sequential patterns. The effect size measure, 7
was reported. A rule of thumb for interpret this measure is that > greater than 0.01,
0.06, and 0.14 represents small, medium, and large effects respectively (Cohen, 1988).
If the Kruskal Wallis test indicates that a sequential pattern was used differentially
by the three groups, Mann-Whitney U tests were conducted on each pair of the three
groups to identify between which two there was a difference. The Benjamini and
Yekutieli correction was conducted to control the false discovery rate due to multiple
comparison. An effect size, Cohen’s r, was reported for the Mann-Whitney U test, which
ranges between -1 and 1 (Fritz et al., 2012). Cohen’s guideline for r is that the absolute
value of r greater than 0.5, 0.3, and 0.1 represents a larger, medium, and small effect,
respectively (cited in Fritz et al. (2012)). The same analyses were repeated to examine
the three pre-test score groups’ differences in sequential patterns (research question 4).
A summary of the analyses per research question is shown in Table 7.5.



Table 7.5: Summary of the analyses for each research question.

Research SPM Input data Statistical test Independent variable Dependent variable Effect size
question Algorithm
1 cSPADE All log data N/A N/A N/A N/A
2 Differential Log data before Fisher exact test Correct first attempt =~ Whether a sequential ~ Odds ratio
SPM the first attempt versus incorrect first ~ pattern existed in one’s
to questions attempt log data (binary)
3 Differential All log data Kruskal Wallis  High, medium, and The occurrences of a n* &
SPM test & Mann- low learning sequential pattern in
Whitney U test one’s log data
(continuous)
4 Differential All log data Kruskal Wallis  High, medium, and The occurrences of a N &
SPM test & Mann- low prior knowledge  sequential pattern in
Whitney U test one’s log data

(continuous)
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7.3 Results and discussion

7.3.1 Frequent sequential patterns throughout the learning task

After analysis of all log data and filtering of meaningless patterns, 88 frequent sequential
patterns remained. These remaining patterns were categorized, using the categories
enumerated in Table 7.2, as either (multiple) attempt, (multiple) support, information,
and the combination of these codes. The 18 sequential patterns with the highest support
are shown in Table 7.6.

Table 7.6: The eighteen sequential patterns (SP) with the highest support, average occurrences
and corresponding category.

Code Sequential pattern Support Average Category
occurrences

sP1 AC 1.00 15.52 Attempt

spP2 Al 0.99 6.04 Attempt

SP3 NI 0.96 8.37 Support

SrP4  GH+ 0.90 2.86 Multiple support

SP5  Al+2 0.89 2.11 Multiple attempt

SP6  GH+all 0.87 2.80 Multiple support

sp7  GH 0.86 3.13 Support

SP8  Al+3+ 0.84 2.61 Multiple attempt

SP9 Gl 0.81 591 Support

SP10  AI=>AC 0.80 1.81 Multiple attempt

SP11  AD =>NC =>AC 0.76 2.30 Attempt, no support

SP12 Al =>NI 0.75 1.63 Attempt =>support

SP13  GI+2 0.73 2.14 Multiple support

SP14 GI+3+ 0.70 2.87 Multiple support

SP15 GA 0.67 2.30 Support

SP16  AC+ 0.65 1.70 Multiple attempt

SP17  AD =>NC =>AI 0.61 1.03 Attempt, no support

SP18 NB =>NC =>NI 0.58 1.22 Information =>support

The results indicate that students use a lot of support while working on the calculation
questions. Almost all students navigated to the section in which intermediate values can
be submitted (SP3). Students submitted many intermediate calculations (SP9, 13, and
14), but most of those were not submitted directly after navigating towards this section.
Taking all 88 frequent sequential patterns in consideration, the only match that includes
submitting an intermediate value directly after navigating to the just mentioned section,
is the sequential pattern NI => GI+3+, with a support of 0.48 and an average occurrence
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of 0.94. When students navigate to the section in which intermediate values can be
submitted, but do not proceed in submitting one or more values, this can be considered
as using a hint (i.e. which intermediate values can be calculated).

From SP4, 6, and 7 it is clear that students use a lot of hints. What stands out is that
students were more likely to open two or more hints consecutively (SP4 and 6) than
opening one hint at a time (SP7). Since most calculations are done outside the system
(e.g. in Microsoft Excel), and the time factor is not included in this analysis, it is not
possible to conclude whether students quickly opened all hints, which could indicate
students who are “gaming the system” and trying to have the learning environment
provide them with the answer (Baker et al., 2008), or whether they have been following
the hint, after which they needed more support, and opened the next hint.

More or less the same holds for multiple consecutive incorrect attempts (SP5 and 8).
Based on this analysis we cannot tell whether students were guessing the correct value,
or whether they really tried to (re)do their calculations after they received feedback on
their mistake. SP5, 8, 10, and 16 all show multiple consecutive attempts. This means that
students sometimes decide not to use support in between attempts. Another situation
in which students do not seem to use support, is when they make an attempt directly
after acquiring the raw data required to do the calculation (SP11 and 17). However,
students may have used support before acquiring the raw data. It should be noted that
given the learning task, students needed to apply a different calculation approach for
each question type, but they had to repeat this approach multiple times for different
datasets. Given the results, it is possible that students initially used support to find the
correct calculation approach, during which they learned, and subsequently required
less support when solving similar problems.

7.3.2 Use of guidance before first attempt

Table 7.7 shows all frequent sequential patterns (i.e. the support for the sequential
pattern was higher than 0.2) found before students’ first attempt. For each frequent
sequential pattern, the support was given for students whose first attempt was correct
and for students whose first attempt was incorrect.



Table 7.7: Frequent sequential patterns (i.e. when the support is higher than 0.2) before first attempt, being either correct or incorrect,
for different question types.

Question type 1 Question type 2 Question type 3
Code Sequential pattern Support Od.ds Support Od.ds Support Od'ds

Correct Incorrect ratio Correct Incorrect ratio Correct Incorrect ratio

(N=30) (N=50) (N=38) (N=41) (N=26) (N=53)
SP3 NI 0.63 0.30 3.88 0.47 0.20 3.56 0.62 0.30 3.57
SP4 GH+ 0.40 0.46 0.79 0.26 0.27 0.98 0.42 0.32 1.55
SP6 GH+all 0.37 0.24 1.82 0.26 0.20 1.45 0.42 0.45 0.89
SP7 GH 0.60 0.32 3.09 0.34 0.15 2.89 0.39 0.28 1.58
SP9 GI 0.27 0.00 38.16** | 0.34 0.00 43.94%** | 0.46 0.06 12.44**
SP13  GI+2 0.26 0.00 30.58** | 0.42 0.04 15.28**
SP14  GI+3+ 0.20 0.00 26.8% 0.39 0.04 13.11**
SP15 GA 0.32 0.00 39.15%**
SP19 GI=>GW 0.39 0.04 13.11*
SP20 GI+2 =>GW 0.23 0.00 33.93*
SP21 GW =>GI 0.31 0.04 9.46*
SP22  GW =>GI+2 0.23 0.00 33.93*
SP23 GW =>GI+3+ 0.23 0.04 6.53
SP24 NI=>NB 0.27 0.08 3.90
SP25 GH =>NB 0.23 0.16 1.60 0.23 0.23 1.05
SP26 GH+ =>NB 0.33 0.42 0.70 0.31 0.28 1.14
SP27 GH-+all =>NI 0.27 0.08 4.23
SP28 GH-+all =>NB 0.27 0.14 2.19 0.12 0.26 0.41
SP29 NB =>NC =>GH 0.23 0.18 1.39 0.23 0.21 1.17
SP30 NB =>NC =>NI 0.23 0.08 3.30

*p <0.05,* p < 0.01, *** p < 0.001. p was adjusted by the Benjamini and Yekutieli correction.
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The support for frequent sequential patterns was in general higher for students whose
first attempt was correct versus students whose first attempt was incorrect. In other
words, students who use more support in the system are more likely to have their first
attempt correct. The support for almost all frequent sequential patterns that contain
intermediate calculations (i.e. GI, GI+2 or GI+3+) was significantly higher for students
whose first attempt was correct versus students whose first attempt was incorrect (SP9,
13, 14, 19 — 23). Moreover, the support for frequent sequential patterns that involve
opening a worked example, which was only available for question type 3 (GW, sequential
patterns 19 — 23), was significantly higher for students whose first attempt was correct
versus students whose first attempt was incorrect. The use of GW was only possible after
submitting an incorrect intermediate value, so this result is dependent on the use of GI.
These results suggest that decomposing the calculation into smaller parts and providing
students with feedback on their intermediate calculations and/or subsequent worked
examples, contribute to students’ ability to successfully calculate the correct answer on
their first attempt. The support for sequential patterns that contain hints (5P4, 6, 7, 25 -
29) was usually frequent for both groups while no statistically significantly differences
in support between students whose first attempt was correct versus students whose first
attempt was incorrect. This suggests that the use of hints alone did not contribute to
students’ ability to directly calculate the correct answer.

7.3.3 Use of guidance in relation to learning gain

After splitting the participants in three groups of high, medium, and low learning, 127
frequent sequential patterns (support > 0.2) were found in one or more of the three
groups.

No pattern showed a statistically significant difference between the different learning
groups after the Benjamini and Yekutieli correction, but seven were significant before
correction (Table 7.8). Those seven patterns were investigated to see if they might
reveal interesting insights about which behaviour patterns may be most likely to lead
to higher learning gains, based on their effect size, support and average occurrences.
In particular, despite not showing a statistically significant differences after controlling
for false discovery, patterns such as SP31 and SP 32 showed large effect sizes (* of 0.24
and 0.19 respectively). However, upon further investigation, the interpretation of both
patterns was considered as not meaningful due to the rarity (based on overall support
and average occurrences) of both patterns.



Table 7.8: Sequential patterns that were used differentially by high, medium, and low learning students (SP31 - 37) and corresponding
effect sizes.

Code Sequential pattern Average occurrences Overall 7 r
High Medium Low support low- low- medium-
learning learning learning (N = 76) medium high high
group  group group
(N=25) (N=35 (N=16)
SP31 Al =>NI=>GI=>AC 0 0 0.31 <0.20 024 19.81* 048 046 N/A
SP32 AD =>NB =>NC =>GH-+all 0 0 0.25 <0.20 0.19 15.63* 0.43 041 N/A
SP33  GC =>NC =>AC 0.04 0.09 0.38 <0.20 0.10 9.01* 0.33 0.37 0.04
SP34 GI=>GW =>GI+2 0.24 0.06 0 <0.20 0.07 746* 0.14 0.33 0.26
SP35 GI+2=>GA 0.28 0.26 0.56 0.24 0.07 6.83* 033 0.32  0.01
SP36 AD =>NC =>Al+3+ 0.12 0.69 0.50 0.30 0.07 699* 0.1 025 0.34
SP37 GH-+all =>NB =>NB =>NC =>AC 0.08 0.03 0.25 <0.20 0.06 6.42* 0.34 023 0.12

* p < 0.05 before the Benjamini and Yekutieli correction.
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In fact, all of the seven sequential patterns presented in Table 7.8 show relatively low
average number of occurrences and overall support when compared to sequential
patterns identified in previous analyses (see Table 7.6). In general, there were no clear
trends differentiating the occurrence of meaningful patterns between the different
learning groups, and we were not able to draw any meaningful conclusions about how
specific patterns related to how students use guidance might relate to improved learning
gains.

The results suggest that when students are categorized based on their learning gain, no
conclusions can be drawn about differential use of guidance when doing calculations.
In other words, students with a high learning gain did not use the guidance in a
different way than students with a low learning gain. A possible explanation for this
result is that the three groups of learning are heterogeneous in terms of students’” prior
knowledge. For example, the medium learning group is a cluster of students who
initially were categorized in the high, medium, or low prior knowledge cluster (see
Table 7.4). Hence, prior knowledge may be a better indicator to explain differences in the
students” behaviour when doing calculations. Therefore, we also investigated whether
there are significant different patterns in relation to students” prior knowledge.

7.3.4 Use of guidance in relation to prior knowledge

After splitting the participants in three groups of high, medium, and low prior knowledge,
142 sequential patterns were found with a support larger than 0.2 in at least one of the
three groups. No statistically significant differences were found after the Benjamini
and Yekutieli correction, but 29 patterns were significant before the correction and had
medium to high effect sizes (* greater or equal to 0.06). Of these 29 patterns, we show
the 11 patterns that had an overall support of greater than 0.2, since patterns with a low
overall support (smaller than 0.2) were interpreted as not meaningful (Table 7.9). These
11 patterns were investigated to identify insights into possible relationships between
prior knowledge and use of guidance when performing calculations within the learning
environment.

What stands out is that the differentially used sequential patterns include all types of
guidance that could potentially be used. In terms of the prior knowledge groups, the
results suggest that there is no difference between use of guidance for students with
high or medium prior knowledge. However, the average occurrences of all sequential
patterns for students in the low prior knowledge group is higher compared to the other
two groups. The trend suggests that students with a low prior knowledge used more
guidance compared to students with a higher prior knowledge. However, additional
data should be collected to make sure that these trends can be observed in other datasets
and are not due to the random chance of false discovery caused by the high number of
discovered patterns.



Table 7.9: Sequential patterns that were used differentially by students with high, medium, and low prior knowledge, and corresponding
effect sizes.

Code Sequential pattern A‘./erage' occurren?es ' . Overall 2 H r .
High prior Medium prior Low prior support low- low- medium-
knowledge knowledge knowledge (N =77) medium high high
group group group
(N =21) (N =37) (N =19)

SP4  GH+ 2.48 2.51 4.00 0.90 0.08 7.68* 0.36 0.36 0.03

SP6  GH+all 2.38 2.24 4.33 0.87 0.06 6.41* 0.33 0.32  0.02

SP7  GH 2.71 2.73 4.67 0.86 0.08 7.58* 0.32 0.40 0.08

SP14 GI+3+ 2.76 1.84 5.44 0.70 0.07 7.19* 0.35 025 0.15

SP18 NB =>NC =>NI 0.67 1.03 2.39 0.58 0.12 10.8* 0.32 049 0.2

SP38 AC =>GC 0.48 1.05 2.17 0.51 011 10.2* 0.31 049 0.19

SP39 NB=>NC=>Al=>AC 0.19 0.65 0.78 0.39 0.06 6.42* 0.09 040 027

SP40 NB =>NC =>GlI 0.29 0.51 1.11 0.34 0.08 8.05* 0.27 043 0.15

SP41 NB =>NC =>GI+2 0.33 0.08 0.61 0.23 0.12 11.0* 0.44 017 0.32

SP42 NB=>NC=>NI=>GI 0.10 0.19 0.72 0.22 0.09 841* 0.31 040 0.10

SP43 NI=>GH 0.14 0.19 0.50 0.22 0.06 6.58* 0.30 0.34 0.03

* p < 0.05 before the Benjamini and Yekutieli correction.
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7.4 Limitations

SPM algorithms require researchers to predetermine some parameters, such as the
minimum support. The predetermined parameters are similar to the hyperparameters
of machine learning models, but, currently, there is no way to tune the predetermined
parameters in SPM as tuning the hyperparameters in machine learning. Thus, this
study chose the minimum support on the basis of the trade-off between including more
interesting learning behaviour patterns and excluding less meaningless patterns. We
acknowledge that the decision might be a little subjective. There needs to be a guideline
for the parameter setting of SPM.

Studies that applied SPM into educational data have considered the time factor (Dermy
and Brun, 2020; Emara et al., 2018). For instance, Emara et al. (2018) added long or short
suffixes to reading actions based on whether a read is longer than 3 seconds. However,
the LabBuddy system recorded the time of action log at the minute level, and thus, we
were unable to compute the duration of each action. As a result, it could be that similar
sequential patterns should have been interpreted differently. For example, students who
make three consecutive incorrect attempts could just be guessing (gaming the system),
or they could have tried to do the calculations, and turned out to have made a mistake
each time.

The studied learning task was part of a larger virtual experiment environment. Since the
virtual experiment environment was designed with the purpose to provide students with
the best possible learning experience, rather than with the purpose to investigate how
students use support while doing calculations (which is only a part of the assignment in
the VEE), the context for this study was not ideal. In the ideal situation, the learning task
would be extracted from the larger virtual experiment environment, and it would have
been more structured in terms of the order in which students have to progress through
the learning task. In the current situation, students are free to determine the order in
which they do the calculations. Since there are three question types, with each multiple
questions, it is hard to control for what students might or might not have previously
learned in the other question types.

7.5 Conclusions

The goal of this study was to investigate students” behaviour regarding the use of
guidance while doing calculations, and to relate this behaviour to learning. Using
sequential pattern mining, we were able to find meaningful patterns of student behaviour.
Students made a lot of use of the guidance provided in the learning task. Students who
used the option to check their intermediate calculations were more likely to make a
successful first attempt to complete the calculation when compared to students who did
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not use this guidance. This effect was not found for the use of guidance in the form of
hints. Although we were not able to quantify the usefulness of the hints in this study,
the hints were used a lot, so it seems that many students find them a useful source
of guidance. Guidance in the form of worked examples was found to have a positive
contribution to students” success at first attempt, which was also expected based on
literature (Clark and Mayer, 2016). To improve the guidance, worked examples should
also be included for the other question types. Despite the large amount of guidance
used by students and its established contribution to students’ success when they first
submit the answer to a calculation, we were unable to find a relation between learning
gain and students’ use of guidance. When exploring the relation between students’ use
of guidance and their prior knowledge, we found a trend that students with a low prior
knowledge used more guidance compared to students with a higher prior knowledge.
However, additional research should be done to confirm this result.

When designing the learning task that was the subject of this study, we used among
others the design principles “provide access to hints (one by one) that guide the students’
thinking process” and “Provide the opportunity for students to check their intermediate
calculations” (chapter 3). These design principles were based on our experience with
designing digital learning materials (Diederen et al., 2003; Diederen et al., 2006b; Van
der Kolk et al., 2012; Van der Kolk et al., 2013; this thesis). Despite the potential and
relevance of such guidance in digital learning materials, the use of hints and intermediate
calculations are not specifically investigated in educational theories. The results of this
study are a first indication that learning materials designed based on these two specific
design principles indeed contribute to enabling students to independently complete
calculations in a digital learning task.
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General discussion
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In this thesis an educational design research (EDR) approach was used to answer the
central research question: How to design a virtual experiment environment (VEE) that
helps students to prepare for laboratory classes? The EDR approach resulted in both
theoretical knowledge to answer the central research question, as well as practical solutions
to solve the complex educational problem. The theoretical knowledge was captured
in what was defined as a ‘blueprint to design VEEs’ (chapters 3 and 5). The practical
solutions are the VEEs that were designed and improved while cycling through the
EDR approach.

Throughout the design process, I have attempted (and sometimes succeeded) to establish
collaborations between university teachers, educational designers, and educational
scientists. Let me first define these three types of people.

When I look around in my own department, the laboratory of food chemistry, the vast
majority of the ‘research and teaching staff’ has obtained a PhD in the field of food
chemistry or related. Besides doing food chemistry research, they are also responsible
for coordinating and teaching bachelor and master courses, a job for which they have
not been educated. This is what I refer to as university teachers: scientists who also teach
in their field of research.

An educational designer is someone who designs solutions for complex educational
problems. They have typically studied the field of educational design research, so they
know how to approach complex educational problems and have experience in designing
solutions. Educational designers are rarely found in universities.

An educational scientist is someone who does research in which they seek to describe and
understand how people learn. Given the context of my dissertation, this could be done
by investigating student behaviour and student learning in a learning material that was
designed by an educational designer, who in turn did that to solve a university teachers’
complex educational problem.

Over the years, I learned that these three types of people approach problems from
different perspectives. These different perspectives can result in challenges and long
discussions, which, as long as we keep respecting each other’s perspectives, may lead to
new insights. In the following sections I will discuss my findings from those different
perspectives.

8.1 The university teacher perspective

Collaboration is they key to better education

One of the challenges of university level teaching, as opposed to teaching in primary
and secondary education, is that there are no ready-made methods and materials that
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university teachers can use. To make the life of university teachers even more difficult, the
technological innovations in the last decades have changed their role from distributors
of knowledge (e.g. through lectures), to being designers of learning experiences (Mor
and Craft, 2012). Despite university teachers’ efforts to provide the best education they
can, they are typically not trained to design learning experiences. As a result, many
learning experiences are designed by intuition (Cen et al., 2006; Koedinger et al., 2013),
which does not necessarily result in high quality learning materials. As a supplement
for using intuition, and to improve the quality of (new) learning materials, university
teachers should engage in the field of educational design research. But knowing that
university teachers often do not have the time to do so, they should collaborate with
educational designers.

Laboratory classes can (partially) be replaced

The trigger question of my research project was: To what degree can laboratory classes
be replaced by other learning activities? In the first chapter, I wrote that it is not doable
to replace laboratory classes, since almost all university teachers indicated one of the
goals of their laboratory education to be ‘obtaining hands-on experience’. However, due
to the COVID-19 pandemic, we learned that it is possible to (re-)design courses in such a
way that laboratory work can (partially) be replaced. On top of that, it seems that many
of the newly designed course materials (including some VEEs) in my department are
there to stay even after the pandemic. The Journal of Chemical Education dedicated a
special issue to the insights gained while teaching chemistry in the time of COVID-19,
which contains many articles involving the (re-)design of laboratory education (Holme,
2020).

The blueprint, although targeted to design VEEs that prepare students, was used multiple
times to design VEEs that were intended to (partially) replace laboratory classes. I
would suggest to create an extended version of the current blueprint for the purpose of
(partially) replacing laboratory classes. By design, the current blueprint focuses on the
pre- and post-experiment phase, while mostly ignoring the experiment phase itself (see
Figure 3.1, p. 28). For an extended version of the blueprint, additional visualization of
the (chemical) experiments should be considered, for example by adding interactive
video materials (Mitrovic et al., 2017; Vural, 2013).

So, although university teachers generally indicate their laboratory classes cannot be
(partially) replaced due to the need for students to obtain hands-on experience, it turns
out this issue was smaller than expected. These findings could (or should) be the start
of a new era. An era in which university teachers and programme directors question the
need for laboratory classes, and consider alternatives such as VEEs instead. Ultimately,
this should result in a better balance between the investment in and the outcomes of
laboratory classes.
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8.2 The educational designer perspective

Design principles

In the process of designing a new learning material, a large number of design choices
have to be made. The educational design research approach can provide structure to
this process, and will ultimately and among others lead to a list of design principles
(DPs) related to the design goal. Educational designers (with a related design goal) can
use such a list of DPs as advice in their decision making process. However, following up
all DPs is no guarantee for the design of a successful learning material. For example, my
DP13: “Provide access to hints (one by one) that guide the students” thinking process”,
leaves a lot of room for interpretation. In which situations do you provide hints? How
many hints do you provide? What should be the content of the hints? The answers to
these questions are context-specific, and are hence not part of the blueprint. In the end,
the educational designer makes design choices based on relevant advice (such as DPs),
experience, and intuition. Since the design choices are only partially informed by DPs,
the relation between the DPs and the final design remains vague. It is up to educational
designers to put a little more effort in communicating the rationale behind the design
choices they make. The recently established journals: Educational Design Research
and the Journal of Formative Design in Learning, can hopefully provide a platform for
an increasing number of publications that introduce and discuss the rationales behind
design choices.

Based on the design of multiple VEEs, fourteen DPs were described in the blueprint. I
am convinced that I forgot to add several ‘hidden DPs’. These hidden DPs could for
example follow from the design choices that I made subconsciously, or were induced by
the platform in which I built my designs (which was based on design principles as well).
For example, the appearance of many elements and the location of most feedback in
the VEEs were predetermined by the platform. The best way to identify these hidden
DPs, would be to have the blueprint applied by other educational designers, who
use a different platform to build the VEE. Based on the findings of these educational
designers, the blueprint can be fine-tuned, so that it can provide even better advice in
the future.

Support system

To enable students to complete the assignment in a VEE independently (design re-
quirement 3), they should be provided with support such as procedural information,
formative feedback, hints, and the opportunity to check intermediate calculations
(design principles 11 — 14), which are the kinds of support that would traditionally be
provided by a teacher. Advantages of designing a system that provides such support
are: i) students are provided with just-in-time support by the system, ii) students can
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access support at any time they need it (i.e. they do not have to wait for a teacher), and
iii) the quality of the information and support is the same for all students (which is
often not the case during tutorials in which student assistants are helping the university
teacher). Disadvantages are that i) students may need unforeseen support (which a
teacher would be able to provide), ii) the system does not “know” and cannot ask where
exactly a student gets stuck (i.e. the system provides a lot of general support, rather
than specific for what a student might need), and iii) students can engage in gaming the
system behaviour (i.e. (ab)using the available support to complete the assignment as
soon as possible, rather than using it to learn) (Baker et al., 2008). Before the COVID-19
pandemic, students would work in the VEEs in a computer room on campus, for which
we established a workable teacher to student ratio of 1:50. Depending on the quality of
the designed learning material, teachers can be replaced to a large degree. Nevertheless,
it remains important to always have some supervision, since besides answering students’
questions that remain unanswered by the system, this provides the opportunity for
teachers to learn in which places many students get stuck, which provides opportunities
for fine-tuning of the designed learning materials.

Student responsibility

Another implication of design requirement 3, to enable students to complete the
assignment in the VEE independently, is that students are given the responsibility to
decide how much support they want to use. This responsibility can be handled by
students who are academically committed, interested, and want to do well (student type
1). But students who are not curious about a particular subject, have no ambition to excel,
and are just at university to obtain a qualification for a job (student type 2) (Biggs, 1999),
will handle this responsibility differently. Over the last decades, the student intake at
universities has strongly increased, which resulted in an increase of type 2 students
(Biggs, 1999). When it turned out many students were engaging in gaming the system
behaviour (chapter 6), I adapted the support system, to make it less easy to request
answers from the system. Less easy means: I removed all references to the possibility
to request answers, and introduced the option for students to check their intermediate
calculations. Only after an incorrect intermediate value is submitted, the student can
ask the support system to provide the correct intermediate value (which requires extra
clicks and more effort). Only if students submit all correct intermediate values (which
they could have requested) as well as the incorrect final answer, the system can be asked
to provide the final answer. All this was done to make the life of student type 2 a little
harder, hoping that they would engage in active learning rather than gaming the system,
while at the same time introducing more and helpful support for student type 1. In
terms of student type 2, I think this approach was successful to some degree, as the
number of answers requested from the system sharply decreased: Before the adaptation,
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students requested an average of 35 final answers from the system, whereas after the
adaptation this was on average 8 intermediate or final answers per student.

I believe that teachers and educational designers should focus on students who are
actually willing to learn, so should target for student type 1. Nevertheless, I have three
design suggestions that could potentially help to get student type 2 motivated to actively
engage with the VEE: i) at the start of the assignment in the VEE, extra information could
be provided on what students will gain by completing the assignment in a ‘good” way,
ii) the VEE could provide just-in-time information such as: ‘for your learning process it
would be best to try yourself before opening the hints’, and iii) game mechanics such
as storytelling, badges, points could be introduced (Kalogiannakis et al., 2021). Such
additions or changes to the design could potentially make a big difference for many
students.

8.3 The educational scientist perspective

In chapters 6 and 7, I used a VEE as the context for investigation in the field of learning
sciences, looking at self-regulated learning (SRL) and student behaviour in relation to
learning using sequential pattern mining. With these studies I thoroughly evaluated
the designed and implemented VEEs, based on which their design, and in extension the
blueprint, was improved (e.g. based on the evaluation described in chapter 6, the option
to check intermediate calculations was incorporated in the design). However, I have
some doubts regarding the implications of the outcomes of these studies in different
contexts.

Learning materials as context

The learning materials that are used as the context for investigating a construct such
as SRL are often poorly described in literature: the provided details of the learning
material are often insufficient to truly understand the content, depth, nature and level
of the learning material. For example, in my own chapters 6 and 7, I only provide a
very general overview of the learning material, which means that the reader will not
truly understand how the system works. I believe that it is very hard for any reader
to interpret the outcomes of such a study, and translate this knowledge to a different
situation, without having a proper understanding of the learning material itself. This
is why I suggest for any future publications that use a learning material as the context
for their study, that a detailed showcase of the learning material should be provided,
either be in the same paper, or as a separate piece of work. This is also why I published
a showcase of the VEE (chapter 4).
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Measuring students’ level of self-regulated learning

After considering several instruments that measure students’ level of self-regulation
(chapter 6), we chose to use the self-regulation scale of the ‘inventory of learning styles’
questionnaire (Vermunt, 1998), since it was developed in a university education context,
and it was validated in many studies (Vermunt and Donche, 2017). This questionnaire
is over 20 years old, which means that the statements in the questionnaire were made at
a time when computers did not play a large role in education. In Table 8.1, the relevance
of each item in the self-regulation scale in the context of VEEs is discussed. Out of the
seven items, five are not relevant or unlikely to happen in the context of VEEs. So, the
behaviour based on which a student scores high on this questionnaire, is related to
general study behaviour, and not to behaviour that could be expected for completing
tasks such as in the VEEs. Given that to the best of my knowledge there is no better way
of measuring SRL in the context of VEEs, perhaps it would have been better to look at
another construct that is more closely related to student behaviour in VEEs. Despite all
the previous, we were able to draw meaningful conclusions and improve the design of
the VEE. One year later, I engaged in the next cycle of the EDR approach, and repeated
the exact same procedure with a new group of students and with the improved VEE. We
were unable to replicate the results and corresponding conclusions of the previous year.
This could potentially be explained by one or a combination of the following factors: i)
a different group of students, ii) the improvements made to the VEE, and/or iii) the
relevance of using SRL in relation to the type of learning material (VEE).
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Table 8.1: All items in the self-regulation scale of the inventory of learning styles questionnaire,
with corresponding relevance in the context of VEEs.

Item in the self-regulation scale

Relevance in the context of VEEs

To test my learning progress when I have
studied a textbook, I try to formulate the
main points in my own words.

This is not relevant for VEEs, since the
VEEs contain only short pieces of text,
usually presented near corresponding
interactive questions.

When I start reading a new chapter or article,
I tirst think about the best way to study it.

This is not relevant for VEESs, since there
is no reading of chapters or articles to
be done.

When I have difficulty grasping a particular

This could happen in the context of a VEE.

piece of subject matter, I try to analyse why
it is difficult for me.

To test my learning progress, I try to answer
questions about the subject matter which I
make up myself.

This is unlikely to happen in a VEE,

since the VEE contains many interactive
questions to test students’ learning process.
Moreover, the student is working on a

task, not studying for a test.

To test whether I have mastered the subject
matter, I try to think up other examples and
problems besides the ones given in the study
materials or by the teacher.

This could happen in the context of a VEE.
Although, again, the student is working on
a task, not studying for a test.

To test my own progress, I try to describe the
content of a paragraph in my own words.

This is not relevant for VEEs. They contain
very few paragraphs of text, as opposed to
for example textbooks.

When I am studying, I also pursue learning
goals that have not been set by the teacher but
by myself.

This is unlikely to happen in a VEE, since
the learning goals are predefined, and all
information that is not required to
successfully complete the learning task
is left out (design principle 4).

Learning gain

In general, educational scientists are fond of the metric ‘learning gain’. Besides the
discussion on how to group students, the true meaning of learning gain should also be
a point of discussion. Imagine student A, who scored 10% on the pre-test and 20% on
the post-test, and student B, who scored 85% on the pre-test, and 90% on the post-test.
Looking at absolute values, the conclusion would be that student A learned a little more
than student B, and when splitting the population into three groups, both students
would probably end up in the category low learning. It is obvious that student B had
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much less potential to learn, and that when looking at the absolute values, student A
did not perform better than student B. In my university context, I repeatedly found the
differences in students’ prior knowledge to vary between approximately 0% and 85% of
the maximum possible score. If the differences in students’ prior knowledge are as large
as in my context, one should wonder if it is valuable to look at learning gain in the first
place.

In chapter 7 we used a different approach to correct for differences in prior knowledge.
We created two sets of three clusters of students through k-means clustering, one set of
three clusters based on pre-test scores and one set of three clusters based on post-test
scores. Students were assigned to the category low, medium, or high learning, based on
whether they dropped one cluster between the pre- and post-test scores (e.g. they were
categorized in the medium cluster based on the pre-test, and they were categorized
in the low cluster based on the post-test) remained in the same cluster, or increased a
cluster (See chapter 7). The trouble that remains is that students who start in the highest
cluster, can never improve to a higher cluster, and vice versa for students who start in the
lowest cluster. In conclusion, the use of the metric learning gain can only be meaningful
if the variation in students’ scores on the pre-test is limited. But if this is not the case, I
consider the metric learning gain of limited or no value.

8.4 Concluding remark

After several years of educational design research, I developed a blueprint that can pro-
vide university teachers and educational designers with advice on how to design virtual
experiment environments that help students to prepare for laboratory classes. I hope
that an increasing number of collaborations between university teachers, educational
designers, and educational scientists will be established, leading to the best possible
education for future generations.
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Summary

Laboratory education plays an important role in natural science education. Despite its
prevalence in many curricula, it is surprisingly difficult to find evidence that the time,
effort, and costs invested in laboratory classes are in balance with students’ achievement
of intended learning outcomes during laboratory education. Since laboratory classes
contribute to teaching students how to ‘do’ science, many teachers enjoy being personally
involved in the teaching, and students generally enjoy laboratory classes, there is little
support for replacing the usually inefficient laboratory classes. Instead, there is a general
consensus that student preparation prior to laboratory classes will increase the quality of
knowledge construction during the laboratory classes.

Students can be prepared for laboratory classes by means of non-traditional labs (NTLs)
such as virtual experiment environments (VEEs). What stands out in publications
about NTLs, is that they hardly provide any details on how the NTLs were designed.
As an educational designer, I was missing the link between established guidelines
for designing instruction and the design of the NTLs. This resulted in my central
research question: How to design a VEE that helps students to prepare for laboratory
classes?

To answer the central research question, I adopted the educational design research
approach. Educational design research can be defined as “a genre of research in which
the iterative development of solutions to practical and complex educational problems also
provides the context for empirical investigation, which yields theoretical understanding
that can inform the work of others”. What sets this type of research apart from many
other types of research, is that it is committed to develop theoretical understanding
and practical solutions simultaneously. The educational design research approach
typically consists of three phases: i) analysis & exploration, ii) design & construction,
and iii) summative evaluation. These phases are described in detail in chapter 3, and
are represented by the different chapters throughout this dissertation.

The analysis & exploration phase is represented by chapter 2. In this chapter, the complex
educational problem and its context were defined. Stakeholders were identified, and
provided with a questionnaire to get their opinion about the current state of laboratory
education. Several explorative follow-up interviews were conducted to get a more
complete overview. Based on the results of the questionnaire, the interviews, and
literature research, it was concluded that there is potential for virtual experiment
environments as preparation tools for laboratory classes, and an initial list of design
requirements was identified, which was used as the starting point for the design &
construction phase.
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The design & construction phase is represented by chapters 3, 4, and 5. In chapter 3, a
blueprint to design virtual experiment environments is provided. Following an extensive
description and overview of the educational design research approach, solutions for the
complex educational problem (chapter 2) were explored, which finally resulted in the
design of four VEEs. Based on recurrent testing and formative evaluations of the VEEs,
a blueprint was established that consists of three design requirements, fourteen design
principles, and a design architecture. Such information in the context of VEEs is new to
literature, and has the potential to help teachers and instructional designers to design
high quality VEEs.

In chapter 4, a showcase of a VEE is provided. The user interface, the available
interactions, and the feedback- and support mechanism are presented and discussed.
This contextual information is limited in many publications (including my own, in
chapters 6 and 7) that use an existing environment to study a construct such as self-
regulated learning. The showcase, when combined with the blueprint (chapter 3),
helps to place the studies presented in this thesis in the right context, and gives a
complete overview that may as such provide guidance and/or inspiration to teachers
and educational designers.

In chapter 5, an extension of the initial design (chapters 3 and 4) is introduced and
evaluated. The extended design is focused on students” understanding of protocol steps,
by enriching existing protocols with theoretical, practical, troubleshooting, and/or
calculation questions, to form interactive protocols.

The summative evaluation phase is represented by chapters 3, 5, 6, and 7. In chapters
3 and 5, the designs were mostly evaluated based on questionnaires, so that means
based on students’ self-reported data. The disadvantage of self-reported data is that
the assumption must be made that students are capable of reflecting on their own
behaviour, are willing to answer the questions honestly, and that all students have the
same interpretation of the questions. To obtain more objective information on student
behaviour in the VEEs, logging data was introduced in chapters 6 and 7.

In chapter 6, a VEE was used as the context for exploring the relation between students’
perceived level of self-regulated learning (SRL), their achieved learning outcomes in the
VEE, and their logged behaviour in the VEE.

In chapter 7, sequential pattern mining was used to study how students use support
while doing calculations in a VEE. The use of support was related to students’ learning
gain and prior knowledge, with the goal to evaluate the support mechanism that is part
of the blueprint (chapter 3).

In chapter 8, I discuss my findings from the perspectives of the university teacher, the
educational designer, and the educational scientist.
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In conclusion, the complex educational problem was solved by the practical solutions:
the VEEs. The theoretical understanding acquired in the educational design research
process, which was captured in the blueprint, which is the answer to the central research
question.
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