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Abstract
Computer-based virtual learning environments (CBVLEs) are potentially useful
teaching tools for training nursing students in professional duties such as the
mathematical tasks associated with medication processes. In this study, a CBVLE was
designed with well-structured instructional activities such as interleaved practice and
feedback. Mathematical medication scenarios and basic arithmetic exercises were
integrated into the CBVLE. Four training conditions were used in the CBVLE to
facilitate extra support for mathematical medication learning: (1) learning without
worked examples, (2) learning with worked examples involving domain-specific
knowledge, (3) learning with worked examples involving regular thinking strategies,
and (4) learning with combined worked examples. This study was conducted with
118 nursing students enrolled in post-secondary nursing education and Bachelor’s
nursing programmes. Students were pre-tested and post-tested on their
mathematical medication learning. Training in the CBVLE improved mathematical
medication learning for all students from pre-test to the post-test stages, but no
differences were found among the four different conditions. Nursing students’ prior
knowledge, non-verbal intelligence, and number of correct tasks predicted
mathematical medication learning outcomes. When controlling for non-verbal
intelligence, students in the condition 1 benefited more than students in condition 3
in terms of their mathematical medication learning outcomes. The same accounted
for the support of the low-achieving students in the CBVLE. The support conditions
for the high-achieving group appeared to be unimportant for mathematical
medication learning. It seems that technology is taken over some of the capacity of
working memory, which accounts for the benefits to the low-achieving learners.
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Introduction
Nursing students are trained in mathematical medication skills for future high-risk professional care situations in which they will need to check, prepare, distribute, administer, and evaluate medication for patients. These are important skills, and even a simple
mistake could create serious complications for the patient (Prins, Zwart, Voogt, &
Hettinga, 2019). The medication process is complex and involves the application of
theoretical knowledge of medicines, administration of medications, communication, hygiene, and calculation of dosages. The latter requires a conceptual understanding, since
it involves knowledge about the underlying unifying principles (Canobi, 2009). To train
for this complexity and the challenges of conceptual understanding, nursing students’
skills in terms of these high-risk professional practices can be trained using a lifelike
computer-based virtual learning environment (CBVLE). This is a simulated environment specifically designed to contain a variety of mathematical medication scenarios
and basic computational arithmetic exercises that visualise the underlying unifying
mathematical principles that students need to apply when solving complex mathematical medication tasks (Wang, Kirschner, Spector, & Ge, 2018).
In a CBVLE, numerous different kinds of mathematical medication problems can be offered, so that students can train for interleaved practice (Dunlosky, Rawson, Marsh, Nathan, & Willingham, 2013; Rohrer, Dedrick, & Burgress, 2014; Rohrer, Dedrick, &
Stershic, 2015). In interleaved practice, students are trained on different types of problems
over time. This requires students to make connections between the various problems, and
thus provides a broader knowledge base that allows them to grasp the procedure for solving different domain-specific types of maths problems. When students make mistakes
while solving problems, feedback is provided by giving the correct answer accompanied
by domain-specific mathematical rules (Dunlosky et al., 2013; Hattie & Timperly, 2007).
This should, however, be combined with feedback at the process level, so that students
also pay close attention to adequate strategies and domain-specific rules for an appropriate conception of the task (Hattie & Timperly, 2007; Nicol & Macfarlane-Dick, 2006).
Although the instructional activities of interleaved practice and feedback are relevant,
they may not facilitate learning via a CBVLE for all students. Support for cognitive approaches plays an important role in helping students persist and to overcome challenges and setbacks (Wang et al., 2018). One way of providing students with cognitive
approaches is the use of worked examples (Kirschner, Sweller, Kirschner, & Zambrano,
2018; Sweller, 2010; Van Gog, Kester, & Paas, 2011). These are effective instructional
procedures that can be embedded in the CBVLE to show students how to solve specific
mathematical problems (Chen, Kalyuaga, & Sweller, 2016; Kirschner et al., 2018; Van
Gog et al., 2011). Worked examples can be combined in various ways, such as elaborate
mathematical medication examples that illustrate how to apply procedures to specific
cases (Chen et al., 2016; Kirschner et al., 2018; Van Gog et al., 2011), or can be combined with regular problem-solving steps to emphasise thinking strategies that increase
transfer to other problem issues (Ben-David & Zohar, 2009; Hattie & Timperly, 2007).
Though worked examples can enhance the acquisition of domain-specific and domaingeneral knowledge, their use may lead to overloading of students’ working memory
(Kirschner et al., 2018). The main purpose of this study is to investigate how training in
a CBVLE with or without worked examples can facilitate mathematical medication
learning by nursing students.
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Theoretical framework
Computer-based virtual learning environments

CBVLEs are simulated environments that can be programmed with scenarios involving
professional learning tasks, with a focus on making tacit aspects of learning tasks and
related knowledge visible and accessible to students (Wang et al., 2018). CBVLEs enable students to interact with their future professional world and allow them to be
trained on and understand complex tasks. Using CBVLEs, students can interact with
their peers via a keyboard, mouse, joystick, or touch screen (Lee & Wong, 2014; Lee,
Wong, & Fung, 2010; Noroozi, Biemans, Weinberger, Mulder, & Chizari, 2013), and
during this process, they are immersed in computer-based environments (Shute, Ventura, Bauer, & Zapata-Rivera, 2009).
The design of a CBVLE includes features such as interactive stories and requires
practical and clear objectives to ensure that students have immersive experiences in a
virtual world and to create a ‘state of flow’ in which students can succeed only through
effort (Csikszentmihalyi, 1990; Shute et al., 2009). A CBVLE can illuminate learning experiences and make situations more authentic by including learning tasks with essential
aspects that students need to master for their future profession. A CBVLE makes it
possible to concretise abstract ideas and concepts by reorganising integrated facts, procedures, and ideas so that they are retrievable and easy to practice (Pollock, Chandler,
& Sweller, 2002; Xinhao & Fengfeng, 2016).
When various scenarios, involving students’ professional learning tasks are embedded,
CBVLEs offer potential situated learning possibilities, allowing students to train for future professional knowledge and skills. Nevertheless, as in traditional classroom settings, the instructional activities within CBVLEs such as interleaved practice and
feedback need to be considered.

Instructional activities in a CBVLE
Interleaved practice

Interleaved practice refers to practising different types of problems over time (Dunlosky, 2013). Interleaved mathematics distribute problems of the same kind, across different assignments (Rohrer et al., 2014). It is a learning technique that allows students
to study conceptual and technical features and the relationships between them and has
a positive effect on future retention (Roediger & Karpicke, 2006; Weeks et al., 2013).
‘Students practice several instances of one type of math problem (e.g., addition) before
practicing the next type (e.g., subtraction). Interleaving would involve one mathematical
problem from each type before solving a new mathematical problem from each type’
(Dunlosky, 2013, p. 16). Interleaved practice provides students with a broader knowledge base (Dunlosky et al., 2013; Rohrer et al., 2015). According to Rohrer et al.
(2014), interleaved practice has two important characteristics: Firstly, problems of different kinds are interleaved that allow students to learn a strategy. Secondly, problems
of the same kind are distributed that enhance students’ retention. Practising many different domain-specific types of mathematical problems permits the student to grasp
the procedures and to make connections between various subjects. This improves students’ achievements in the domain of mathematical problem-solving (Dunlosky, 2013).
To make the learning process in a CBVLE explicit, the structure of the learning

Page 3 of 21

Zwart et al. Research and Practice in Technology Enhanced Learning

(2021) 16:4

environment can be programmed with feedback at the task and process levels (Hattie
& Timperly, 2007; Nicol & Macfarlane-Dick, 2006).

Feedback

Feedback is defined as the information provided by a teacher, peer or computer on a
student’s performance or understanding to promote learning (Hattie & Gan, 2011;
Hattie & Timperly, 2007). Feedback should be informative and include corrective advice that can help students move towards their learning goals (Dunlosky et al., 2013;
Nicol & Macfarlane-Dick, 2006). (Sadler (2010), p. 536) states that ‘feedback on complex learning may incorporate a variety of elements’, and these include a description of
the global quality of the work; praise, encouragement, or other affective comments; and
suggestions on how to attend to specific deficiencies and strengthen the work as a
whole. This should be combined with feedback at the process level, since right strategies and domain-specific rules are key issues that deserve students’ special attention
for an appropriate understanding of the task (Hattie & Timperly, 2007; Nicol &
Macfarlane-Dick, 2006). Feedback at the process level, as a reflection on learning, can
be given after each round of play (Nicol & Macfarlane-Dick, 2006). Reflection on learning is necessary for students to become aware of their own thinking processes (Schön,
1983), as it closes the gap between what students learn and what they know. However,
interleaved practice and feedback in a CBVLE may not facilitate learning for all students. Support for cognitive approaches plays an important role in helping students
persist in the face of challenges and setbacks (Wang et al., 2018). One method of providing students with cognitive approaches and place emphasis on appropriate cognitive
rules is the use of worked examples (Kirschner et al., 2018; Sweller, 2010; Van Gog
et al., 2011).

Worked examples

Worked examples are effective instructional procedures (Kirschner et al., 2018; Sweller,
2010; Van Gog et al., 2011) that can support students in solving problems and help in
connecting prior knowledge to new knowledge (Ausubel, 1968; Tynjälä, 2013). They
may take the form of domain-specific scaffolds for problem-solving (Sweller, 2010).
Whereas an unguided problem does not indicate which elements should be attended
to, a worked example does; this reduces the number of elements that must be
processed in working memory (Chen et al., 2016;Eiriksdottir & Catrambone, 2011 ;
Margulieux & Catrambone, 2016). Worked examples can support low-achieving students to acquire the domain-specific knowledge (Kalyuga, Chandler, & Sweller, 2001a;
Kalyuga, Chandler, Tuovinen, & Sweller, 2001b; Tricot & Sweller, 2014; Van Gog et al.,
2011). However, they can also have adverse effects: once levels of expertise have increased, they become redundant, particularly for high-achieving students.
Worked examples promote conceptual understanding and transfer and demonstrate
how to apply procedures to specific cases (Eiriksdottir & Catrambone, 2011; Margulieux & Catrambone, 2016). This also represents a drawback of worked examples, since
they are bound to a specific context (Margulieux & Catrambone, 2016). Worked examples can also be combined with problem-solving steps to emphasise regular thinking
strategies, and this approach can increase transfer to other learning situations (Ben-
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David & Zohar, 2009). These regular thinking strategies provoke students’ active thinking and foster deep learning (Zohar & David, 2008). Thus, the use of worked examples
can serve to support both regular thinking strategies and the organisation of the mathematical domain-specific knowledge needed to solve complex mathematical medication
problems.

Mathematical medication and domain-specific knowledge

Mathematical medication requires not only a theoretical knowledge of medicines and
their administration, but also a mathematical domain-specific knowledge of medication
(Prins et al., 2019). Mathematical medication demands basic computational skills such
as addition, subtraction, multiplication, and division of whole numbers, units of
measurement, decimals, fractions, and conversion between them (Weeks et al.,
2013). This knowledge is often invisible; it is the underlying unifying knowledge
that is featured in mathematical medication problems. Canobi (2009) describes
these principles as the structure underlying the problem domain of mathematical
medication, which calls for a conceptual understanding by students. It includes
both an implicit and an explicit understanding of the principles that govern a domain and of the interrelations between units of knowledge in a domain (Krathwohl,
2002; Rittle-Johnson, Siegler, & Alibali, 2001).
Although conceptual knowledge is flexible, and is not tied to specific problem types,
competence in a particular domain requires not only a knowledge of concepts, but also
procedural knowledge (Rittle-Johnson et al., 2001). Procedural knowledge is tied to specific problem types and involves the ability to execute action sequences to solve mathematical problems (Krathwohl, 2002). It requires domain-specific knowledge, since this
is the best predictor of the performance of a task (Tricot & Sweller, 2014). The acquisition of domain-specific knowledge also plays an important role when solving problems
(Polya, 1973; Tricot & Sweller, 2014). Ben-David and Zohar (2009) find that an emphasis on thinking strategies can increase transfer to other issues, while Rittle-Johnson
et al. (2001) emphasise the importance of examining both conceptual and procedural
knowledge together; however, according to Kirschner, Sweller, and Clark (2006) and
Wang et al. (2018), presenting domain-specific knowledge with the relevant underlying
domain-specific principles makes it easier to retrieve and apply the knowledge needed
to solve problems.
Table 1 shows domain-specific mathematical knowledge from the field of mathematical medication, which is categorised in this study into the three domains of liquid
medication, infusion fluids, and solid medication. Procedural knowledge tied to these
specific areas and the domain-specific principles underlying mathematical medication
are mentioned in columns 3 and 4 of the table, respectively, while the last two columns
give examples of mathematical medication scenarios across domains and examples of
exercises for practising the underlying domain-specific principles in the CBVLE.

Programming instructional activities and simulations in the CBVLE

Simulations can support learning by providing virtual activities and procedures that reflect or replicate those required in the real world, frequently using visually compelling
environments (Boyle et al., 2016). In our CBVLE, interleaving practice involves learning
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Table 1 Aspects of domain-specific mathematical knowledge related to ‘liquid medication’,
‘infusion fluid’, and ‘solid medication’ in a CBVLE
Medication
domains

DomainProcedures
specific
(domain-specific
knowledge rules for
feedback and
worked
examples)

Underlying
domainspecific
principles
for all
domains

Learning tasks
(examples of
mathematical
medication scenarios in
a CBVLE)

Underlying
principles
(examples of
exercises for
computational
abilities in a
CBVLE)

Liquid
medication
(incl.
dilution)

Ratio of the
dissolved
substance
and diluent

Mass/volume
(m/v)
1% = 1 gram
dissolved
substance/100 ml
1‰ = 1 gram
dissolved
substance/1000
ml (1 litre)
Volume/volume
(v/v)
1% = 1 ml liquid/
100 ml
1‰ = 1 ml
liquid/1000 ml (1
litre)

Quantities
Units
Conversions
of ratios:
a. Fractions
b. Decimals
c. Numbers
d.
Percentage
Elations
between a,
b, c, and d
Divide
Multiplication
h, min, s
(time ratio)
Elements of
the
prescription
dispensed
Extract
numerical
information
Apply
calculations
correctly and
accurately

P. suffers severe pain. He
is prescribed 15 mg
morphine every 4 hours.
Stocked: 1 ml morphine
ampoules of 15 mg/ml.
How many ml do you
inject every four hours?
How many ml is this per
day?

16 × 8 =
12 × 9 =
1/4 + 3/4 = 1/4 =
3/3 + 5/3 =
3/4 − 2/8 =
14/5 − 9/5 =
3/4 × 4/5 =
5/10 × 4/8 =
4/5:2/5 =
3/5:1/3 =
1/4 = 0.25
1/20 = 0.05
0.09 = ….%
0.50 = ….%
75% = 0.75
30% = 0.30
How much is:
5% of 1000 ml?
4% of 250 ml?
1 L = …ML
1 ML = …CC

Infusion
fluid

Drip rating

20 drops/ml
1. Calculate the
total number of
drips
2. Calculate the
drips/h
1. 3. Calculate the
drips/min

G. is administered a drip
of 500 ml 0.9% NaCl. in
three hours. How many
drips are administered to
G. per minute?

Solid
medication

Dosage
calculation
for tablets

Count, divide,
multiply, work
with fractions,
reference
measurements:
24 h in a day
60 min in an h
50% = 1/2
1/4 = 25%
etc.

F. suffers from cystitis.
She receives treatment
with antibiotics for six
days: 750 mg Amoxicillin
every 12 hours. Stocked:
Flemoxin with 375 mg
Amoxicillin per tablet.
How many tablets should
F. swallow during
treatment?

tasks that are programmed as mathematical medication scenarios. The underlying
domain-specific principles are introduced in the CBVLE in the form of short exercises,
which are necessary to develop a high level of automaticity and require students to
make connections between the various subjects in order to grasp the procedures for
solving different domain-specific types of mathematical medication problems (Dunlosky
et al., 2013; Rohrer et al., 2015). In addition, feedback is programmed in the CBVLE as
the information from the procedures column that the computer provides on each student’s performance after solving a mathematical medication problem (Dunlosky et al.,
2013;Hattie & Timperly, 2007 ; Nicol & Macfarlane-Dick, 2006). At the end of each
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practice round, which involves solving six mathematical medication problems and two
sets of five short exercises involving the underlying domain-specific principles, nursing
students are given feedback at the process level to reflect their learning (Hattie &
Timperly, 2007; Nicol & Macfarlane-Dick, 2006).
It is currently unclear how learning via a CBVLE, involving a structured learning
environment based on the instructional design aspects of interleaved practice and feedback, can facilitate mathematical medication learning by nursing students. Furthermore,
there has been little empirical research into the assumption that the embedding of
worked examples into a CBVLE, in order to support regular thinking strategies or the
organisation of mathematical domain-specific knowledge, has a positive effect on the
domain-specific mathematical medication knowledge of nursing students. The following research questions were formulated to address these issues:
1. Which predictors affect the mathematical medication learning of nursing students
in a CBVLE?
2. To what extent can a CBVLE foster mathematical medication learning by nursing
students without worked examples (condition 1), with worked examples involving
domain-specific knowledge (condition 2), with worked examples involving regular
thinking strategies (condition 3), and with a combination of both types of worked
example (condition 4)?
In the first place, we expect that the use of worked examples with domain-specific
knowledge (condition 2) will enhance mathematical medication learning to the greatest
extent. Secondly, high-achieving students are expected to score more highly in mathematical medication learning under condition 1, since worked examples are detrimental
to the acquisition of skills when levels of expertise are sufficiently high (Kalyuga,
Chandler, & Sweller, 2001a; Kalyuga, Chandler, Tuovinen, & Sweller, 2001b; Tricot &
Sweller, 2014). Finally, we expect low-achieving students to score higher in mathematical learning under condition 2 (with worked examples supported by domain-specific
knowledge), since this condition demonstrates how to apply procedures to specific
cases and thus reduces the number of elements that must be processed in working
memory (Chen et al., 2016; Eiriksdottir & Catrambone, 2011; Margulieux & Catrambone, 2016).

Method
Context and participants

The study was conducted in the Netherlands. Participants were drawn from five postsecondary vocational nursing schools and from seven universities of applied sciences, at
which a bachelor’s nursing programme was offered. Although the educational levels are
different for these two groups of students, the mathematical medication training and its
content is the same in both educational programmes. The total sample involved 118
students, 10 men and 108 women, aged between 17 and 31 (M = 19.6, SD = 2.4). Of
this sample, 44 students were following a post-secondary vocational nursing course and
74 were bachelor’s nursing students. Students worked on a bring your own device
(BYOD) basis in this study, except for two schools in which students used PCs.

Page 7 of 21

Zwart et al. Research and Practice in Technology Enhanced Learning

(2021) 16:4

Students had basic computer skills (Mpre = 3.7, SD = 0.7; Min = 1.0, Max = 5.0), but
working with a CBVLE was new to them. Each student was compensated with 15 Euros
for their contribution and gave active informed consent to take part in the study.
The students were randomly assigned to one of four conditions in the same CBVLE,
which provided a structured learning environment based on the instructional design aspects of interleaved practice and feedback: mathematical medication learning without
worked examples (condition 1), mathematical medication learning with worked examples involving domain-specific knowledge (condition 2), mathematical medication
learning with worked examples involving regular thinking strategies (condition 3), and
mathematical medication learning with a combination of both types of worked example
(condition 4).
Computer-based virtual learning environment

The Second Life1 platform was used to design a CBVLE to train nursing students in
mathematical medication learning (Fig. 1). Students were assigned to avatars and
logged into the CBVLE. It was a simulated world in the form of a field hospital comprising 10 tents and was based on a television series from the 1970s called MASH
(Mobile Army Surgical Hospital). In this field hospital, there were four medical doctors
who each tended to patients in these tents. The name of the patients was matched to
the names mentioned in the mathematical medication problems in the CBVLE. The
mathematical medication problems were presented in the screen with four answers
when students clicked on the patient map (see Fig. 1). Students used the worked examples as a support to solve the mathematical medication problems. After solving the
mathematical medication problem, the patient showed that it was the right answer
(Thank you nurse, I feel much better) or the wrong answer (Help nurse, I do not feel
good). Then, the doctor gave the right answer and the mathematical medication rule.
In a tent called ‘The Lab’, the underlying domain-specific mathematical principles
could be practised via two sets of five short exercises. The primary goals of the training
were to do the following:
 Help the nursing students learn to recognise the various problem states to which

each mathematical theorem applies
 Enhance the mathematical medication competences of the nursing students with a

solid base of mathematical facts and procedures
 Motivate nursing students to learn mathematics by integrating a CBVLE with ‘real

life’ situations
 Bridge transfer problems using a CBVLE involving ‘real life’ situations

Learning materials

The subject to be learned was the concept of mathematical medication, and specifically
the three domains of liquid medication, infusion fluids, and solid medication. We therefore conducted a procedural cognitive analysis with six mathematical subject matter experts (SMEs) to discuss the mathematical concepts, principles and rules, and
1

Second Life is a free 3D online virtual world where users can create, connect and interact with others across
the globe using voice and chat (secondlife.com).
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Fig. 1 Screenshots of the MASH learning environment

procedures of five different mathematical medication problems. Each step of the analysis included three questions (Morrison, Ross, Kalman, & Kemp, 2011, p. 85): (i) What
does the learner do? (ii) What does the learner need to know? And (iii) what cues inform the learner that there is a problem, the step is complete, or a different step is
needed? For the knowledge audit, the SMEs also discussed and described the contextual knowledge necessary to solve the mathematical medication problem, the reasons
why this assignment might be difficult, and the errors students might make. This information was used to create 90 medication scenarios, 100 short exercises on the underlying domain-specific principles, and a worked example involving domain-specific
procedural knowledge with an example description, for each domain (Table 1). The
student’s task was to complete at least one round per training session, consisting six
mathematical medication problems and two sets of five short exercises. Each mathematical medication problem formed part of the administration medication process, which
was clarified by conducting a task analysis to identify its components and describe them
in the form of steps (Morrison et al., 2011). These steps then formed the sequence of
actions required in the CBVLE: (i) receive the assignment from a doctor, (ii) wash
hands, (iii) communicate with patient, (iv) prepare medication by solving a mathematical medication problem, (v) administer medication, and (vi) update the patient’s file
and return to the doctor. The doctor may also tell the nurse to go to ‘The Lab’ to carry
out the short exercises.

Procedure

Mathematical medication teachers from higher and vocational education schools,
drawn from the first author’s network, were contacted by phone by the first author.
When the teachers and their managers had expressed interest in participating in the
study and had given consent, they contacted the first author and gave their approval to
conduct the study in their schools. The teachers gave fact sheets to the nursing
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students to inform them about the study and its goals, and flyers were also posted on
the schools’ online platforms with links to allow students to confirm their participation.
An initial introduction session was arranged, in which students were informed about
the study and filled in consent forms.
Through a pilot study lasting 4 weeks and involving 11 students, we ensured that the
learning materials used in the CBVLE were comprehensible, the technical aspects of
the CBVLE were functional, and the tests appropriate. As a result of this pilot study,
we changed the introduction section to a single shorter meeting, designed a paperbased manual and introduced technical instruction, using photos in the CBVLE to
guide students through the practice rounds in the CBVLE (see Fig. 1).
The experimental session consisted of three main phases (see Table 2). During the
first of these, an introduction and personal data phase that took 70 min, students were
introduced to the CBVLE training via a personal introduction session. In each session,
which lasted 30 min, the student was informed about the structure of the upcoming lessons and what was expected from them. Students were then assigned to avatars and
logged into the CBVLE. These avatars (students) were randomly allocated one of
four conditions. Students practised on one round in the CBVLE, and it was made
clear that they were expected to work individually during the game, without help
from the researcher or their peers, while paying attention to the information on
the screen (30 min). After this first introduction session, students were asked to
complete a questionnaire on their personal data, such as their name, gender, age,
and computer skills (10 min).
During the second stage, which was the individual pre-test measurement phase
(which lasted a total of 125 min), students first received an introductory explanation of
how to answer different questions in various surveys on basic computational skills, a
non-verbal intelligence test, and domain-specific mathematical knowledge (5 min). Students were then given 15 min for a test of their basic computational skills, and the
standard progressive matrices (SPM) non-verbal intelligence test was applied (Raven,
Court, & Raven, 1992), which took 45 min. After a 10 min break, students were tested
on their domain-specific mathematical knowledge (60 min).
Table 2 Overview of the procedure for the CBVLE study
Procedure for mathematical medication training in the CBVLE

Duration

(1) Introduction and personal data

70 min

Introductory explanations of the procedure, materials, and the purpose of the research study

30 min

Students were given avatars, logged in and played a round

30 min

Personal data questionnaire

10 min

(2) Individual pre-test measurements

125 min

Introductory remarks

5 min

Assessment of computational basic skills

15 min

Pre-test assessment of domain-specific mathematical knowledge

60 min

Individual non-verbal intelligence test (RAVEN)

45 min

(3) Learning phase: CBVLE training

90 min/week

(4) Post-tests and debriefing

70 min

Post-test assessment of domain-specific mathematical knowledge

60 min

Debriefing

10 min
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Week 2 to 5 formed the third stage, which was the learning phase. This phase took
90 min per week (45 min per training session), for 4 consecutive weeks. In the fourth
stage, involving post-tests and debriefing (90 min), students were first tested on
their domain-specific mathematical knowledge (60 min) followed by a short debriefing (10 min). After this, the students’ activity logs were uploaded to a disc belonging to the researcher.
Measurements and instruments
Measurement of nursing students’ non-verbal intelligence

As children get older, the measurement of cognitive abilities requires particular attention to both predisposition factors and acquired skills (Alloway & Alloway, 2010). This
is possible with the SPM test (Raven et al., 1992), which measures students’ non-verbal
intelligence. The test consists of 60 problems divided into five sets of 12 problems, ranging from easy to complex (A, B, C, D, E). The reliability score for this test in our study
was at an average level (Cronbach’s α = .62). The test was given in a paper-based format, and each item consisted of a figure with a missing piece. Below the figure, six or
eight possible answers were given to complete the missing piece, only one of which was
correct. There was no time limit on the test, but it generally took about 45 min.
Measurement of nursing students’ degree of automation of basic computational abilities

To ascertain the degree of automation of basic computational abilities, a mathematical
speed test was completed. This was a validated test in Dutch that measured students’
computational skills in terms of addition, subtraction, multiplication, and division (De
Vos, 1992). The four types of arithmetic computations were distributed over five columns, with one column for each type of computation and one containing all types in a
random order. There were 40 arithmetic assignments per column, and these were presented in ascending order of difficulty. The students had 1 min per column to solve as
many of these arithmetic problems as possible. The more arithmetic assignments a student solved correctly, the higher their score for fundamental computational abilities.
Students could obtain scores of between zero and a maximum of 40 per column, and
an overall maximum of 200 for the test. The reliability score for this study was high
(Cronbach’s α = .90).
Measurement of nursing students’ mathematical medication knowledge

Domain-specific mathematical medication knowledge was assessed with a test composed by Cito (the Dutch national organisation for test development; see Lampe,
Straetmans, & Eggen, 2011), which was used to measure domain-specific mathematical
medication knowledge both before and after intervention with the CBVLE. Two parallel
versions were therefore developed by Cito. The original domain-specific mathematical
medication knowledge test consisted of 50 multiple choice questions, with 20 questions
on domain-specific mathematical medication knowledge for infusion fluids, 19 questions on liquid medication, and 11 questions on solid medication (tablets). After an
item response analysis, four items with poor discriminatory power were eliminated
from the test. Students could obtain a maximum score of 46 for both tests. Cronbach’s
α = .80. The post-test reliability was also good (α = .83).

Page 11 of 21

Zwart et al. Research and Practice in Technology Enhanced Learning

(2021) 16:4

Measurement of nursing students’ mathematical medication activities in CBVLE

The students’ activities (in the form of solved mathematical medication problems) were
logged in the CBVLE, and these logs were used as a control variable for the total numbers of mathematical medication problems solved by nursing students during their sessions. Some computers did not save these logs on students’ computers, for safety
reasons or due to the amount of space available on disc. We were able to retrieve logs
for 60 students, which showed that they completed a mean of 56 activities, a median of
57, a minimum of 23, and a maximum of 109.

Data analyses

A total of 118 students participated in the study. However, due to the spread over
eight training sessions and internship commitments, 17 students dropped out of
the study (14%). The results for performance are based on analyses of data from
101 students who completed all the sessions and tests. First, the comparability of
the conditions was tested with a one-way analysis of variance (ANOVA). A hierarchical multiple analysis (MRA) was then employed to determine which variables
accounted for mathematical medication learning after CBVLE training. A paired
sample t test was conducted to find significant differences between mathematical
medication results before (pre-test) and after (post-test) the CBVLE training, and
more specifically domain-specific knowledge of infusion, fluid medication, and solid
medication. A repeated measures ANOVA was used to compare the differences in
mathematical medication learning between the conditions. A one-way analysis of
covariance (ANCOVA) was also set up to insert the conditions and to indicate
whether there were significant differences in nursing students’ mathematical medication learning after the CBVLE training, controlling for prior knowledge (pre-test
scores), non-verbal intelligence scores (RAVEN), and basic computational abilities.
We finished the analysis by combining the non-verbal intelligence scores into three
groups of high-achieving, mid-level achieving, and low-achieving students. t tests
were conducted to calculate the differences in mathematical medication learning.
An ANOVA was used to investigate the differences and an ANCOVA to indicate
differences to their assigned conditions. The differences between the groups and
their conditions were tested using a multivariate analysis of variance (MANOVA).

Ethics

When students were informed by their teacher about the study, they were given
the opportunity to choose to participate in the research. After giving their agreement and after an introductory verbal explanation from the researcher and the
teacher of the aims of the CBVLE training research, students could still decline to
take part in the research. Students were assured that identifying information was
not available to anyone except the researchers. Results were de-identified by numbering both the students and their tests, and files were located in different places
under different names. The Faculty Ethics Review Committee (FETC) of the Faculty of Social Sciences of Utrecht University reviewed and approved the research
study under case number 19-230.
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Results
The results for each condition were compared with respect to the basic computational
skills, non-verbal intelligence, and prior knowledge of nursing students. No significant
differences were found in the degree of automation of basic computational abilities
(TTRtot) (F(3, 114) = 2.19, p = .09), non-verbal intelligence outcomes (F(3, 108) = 1.48,
p = .23), or pre-test scores (prior knowledge) (F(3, 114) = 2.35, p = .08). More specifically, we found no significant differences in domain-specific knowledge for infusion (F(3,
114) = 2.59, p = .06) or solid medication (F(3, 114) = .83, p = .48). However, a significant difference was observed for domain-specific knowledge for liquid medication (F(3,
114) = 3.62, p < .05, η2 = .87). A further Tukey HSD analysis revealed no differences
between the four conditions (p = 0.70), showing that these conditions are comparable
with respect to the basic computational skills, non-verbal intelligence outcomes, and
prior knowledge of nursing students. Table 3 gives descriptive statistics for the nursing
students’ test scores and their performance for each condition in the CBVLE.

Predictors for mathematical medication learning by nursing students in CBVLE training

To identify which predictors accounted for mathematical medication learning by nursing students after CBVLE training (post-test performance), an MRA was conducted

Table 3 Summary of nursing students’ scores for each condition
Condition 1

Condition 2

Condition 3

Condition 4

CBVLE with no
support (n = 22)

Domain-specific
support (n = 28)

Regular thinking
strategies (n = 23)

Combination
(n = 28)

M

SD

M

SD

M

SD

M

TTRtot

134.96

25.97

120.58

21.52

126.33

22.57

123.26 20.74

TTR +

32.63

4.63

29.97

3.38

30.96

4.05

31.16

TTR −

28.33

5.05

26.42

4.76

27.63

4.98

27.10

4.86

TTR :

22.37

7.40

18.21

6.37

19.19

6.28

18.19

5.88

TTR x

25.22

6.64

21.94

5.62

24.07

5.66

22.61

4.73

RAVEN

49.96

4.14

50.64

3.94

50.56

4.96

48.53

4.49

Pre-test math

23.41

7.00

24.45

7.88

20.33

6.71

21.26

5.08

SD

Test scores

4.63

Post-test math

30.82

7.33

29.54

6.90

27.35

9.65

28.96

5.10

Pre-test infus.

9.37

3.67

10.30

4.30

8.07

3.00

8.29

3.00

Post-test infus.

13.36

3.74

12.25

3.27

10.83

4.30

11.71

3.21

Pre-test liquid

7.56

2.17

7.55

2.87

6.15

2.44

5.94

2.42

Post-test liquid 9.82

2.54

9.32

2.82

8.96

3.44

9.39

2.57

Pre-test solid

6.48

2.51

6.36

2.56

6.11

2.42

7.03

1.76

Post-test solid

6.86

2.23

7.04

1.97

6.83

2.41

7.00

1.36

Activities

60.70

9.59

n = 10

56.76

10.15

n = 17

55.18

16.65

n = 17

53.06

18.75 n = 16

Correct
activities

40.00

13.47

n = 10

37.12

12.62

n = 17

33.24

14.59

n = 17

33.56

12.51 n = 16

High-achieving 32.25

7.40

n=8

31.91

7.37

n = 11

32.90

7.37

n = 10

32.00

4.96

n=8

Mid-level
achieving

28.89

8.94

n=9

29.18

5.96

n = 11

25.00

9.96

n=8

27.18

4.98

n = 11

Low-achieving

32.00

3.46

n=5

25.83

6.97

n=6

20.00

7.78

n=5

28.44

4.61

n=9

Post-test results groups
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using the number of activities in the CBVLE (based on logs), support (worked examples), basic computational skills (TTRtot), non-verbal intelligence outcomes, and prior
knowledge (pre-test performance). Several assumptions were tested, and checks were
performed. Stem and leaf plots and boxplots indicated three univariate outliers, which
were deleted (two students with exceptionally low scores, and one with an extremely
high score). A test to determine whether the data met the assumption of collinearity indicated that multicollinearity was not a concern (support tolerance = .895, VIF = 1.12;
pre-test tolerance = .656, VIF = 1.52; basic computational skills tolerance = .762, VIF =
1.31; non-verbal intelligence tolerance = .755, VIF = 1.32; CBVLE activities tolerance =
.839, VIF = 1.19; number of correct CBVLE activities tolerance = .270, VIF = 3.70). The
Mahalanobis distance did not exceed the critical value of χ2 of 22.46 for df = 6 for any
cases in the data file, indicating that multivariate outliers were not of concern. In step 1
of the hierarchical MRA, support, prior knowledge, basic computational skills, nonverbal intelligence, and CBVLE activities accounted for 60% of the variance in mathematical medication learning after training with CBVLE (R2 = .60, F(5, 51) = 15.42, p =
.00), a significant proportion. Since the CBVLE activities did not show significant results, the number of correctly solved CBVLE activities was added to the regression
equation in step 2, and this accounted for a significant additional 3% of the variance in
compliance (ΔR2 = .03, ΔF(1, 50) = 4.45, p < .05). When combined, the predictor variables explained 63% of the mathematical medication learning by nursing students after
training with CBVLE (R2 = .63, adjusted R2 = .59, F(6, 50) = 14.46, p = .00). Table 4
gives unstandardised and standardised regression coefficients and squared semi-partial
correlations for each predictor at each step of the hierarchical MRA.

Effects of the CBVLE training

A paired sample t test across all participants indicated a significant difference between
the pre-test and post-test scores (t(100) = 10.68, p < .001, η2 = .89), in favour of the
post-test. More specifically, the domains for infusion (t(100) = 8.33, p < .001, η2 = .76),
Table 4 Regression coefficients and semi-partial correlations (sr2) for each predictor variable
Variable

B [95% CI]

β

sr2

Step 1
Support

0.90 [− 0.24, 2.04]

0.15

.02

Prior knowledge

0.44 [0.25, 0.64]*

0.49

.16

Computational skills

0.03 [− 0.02, 0.09]

0.12

.01

Non-verbal intelligence

0.40 [0.13, 0.67]**

0.31

.07

CBVLE activities

0.66 [− 0.04, 0.67]

0.12

.01

Step 2
Support

0.80 [− 0.31, 1.91]

0.13

.01

Prior knowledge

0.36 [0.15, 0.56]

0.40

.09

Computational skills

0.03 [− 0.02, 0.08]

0.11

.01

Non-verbal intelligence

0.40 [0.14, 0.66]

0.30

.07

CBVLE activities

− 0.07 [− 0.22, 0.10]

− 0.12

.00

Correct CBVLE activities

0.18 [0.01, 0.36]**

0.35

.03

CI confidence interval
*p < .001, **p < .05
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and liquid medication (t(100) = 8.08, p < .001, η2 = .90) also showed a significant difference. For solid medication, no significant result was found (t(100) = 1.07, p = .29). This
shows that all the mathematical medication learning was improved by training with
CBVLE. A one-way ANOVA was used to compare the mathematical medication learning outcomes under the four different support conditions in the CBVLE training. No
significant differences were found (F(3, 97) = .883, p = .45) between the different conditions in terms of the learning outcomes. A covariate was included to partial out the effects of prior knowledge (pre-test). The effect of the support conditions after
controlling for prior knowledge was statistically non-significant (F(3, 96) = .678, p =
.57), and a non-significant result was also found for the support conditions after controlling for basic computational skills (F(3, 93) = .010, p = .99). Controlling for nonverbal intelligence scores revealed a significant result (F(3, 93) = 3.33, p = .02, η2 = .10),
meaning that after controlling for these scores, the post-test results are significantly related to the support conditions. Post-hoc testing revealed that students with no support
from worked examples (condition 1) reported significantly higher learning scores after
training with the CBVLE than students with support from regular thinking strategies
(condition 3) (Mdifference = 5.04, SD = 1.98, p = .01). The remaining pairwise comparisons were not significant.

Effects of CBVLE training on high-, mid-level-, and low-achieving students
Effects of CBVLE training in the high-, mid-level-, and low-achieving groups

The non-verbal intelligence outcomes were divided into three groups (M = 49.9, SD =
4.4, Min = 37.0, Max = 59.0) of high-, mid-level-, and low-achieving students. t tests revealed significant differences in low-achieving students’ learning, (t(24) = 7.65, p < .00,
d = 1.13), mid-level achieving students’ learning, (t(38) = 5.58, p < .00, d = 0.84), and
high-achieving students’ learning (t(36) = 6.36, p < .00, d = 0.94). Further analysis found
no significant differences between the support conditions in the high-achieving group
(F(3, 33) = .041, p = .99) and the mid-level achieving group (F(3, 35) = .591, p = .63), although in the low-achieving group, significant differences between the support conditions were found (F(3, 21) = 3.95, p = .02, η2 = .03). A Tukey HSD revealed significant
differences between students with no support from worked examples (condition 1) and
students with support from regular thinking strategies (condition 3), (Mdiff = 12.0, SD
= 3.66, p = 0.17) (see Fig. 2).

Effects of CBVLE training between the high-, mid-level-, and low-achieving groups

A significant difference in mathematical medication learning was found between the
groups (F(2, 98) = 5.98, p = .00, η2 = .11). A Tukey HSD test showed a difference between the low-achieving and high-achieving group (Mdiff = − 5.43, SD = 1.8) and the
mid-level achieving and high-achieving group (Mdiff = − 4.58, SD = 1.6). Identifying
the differences between the high-achieving, mid-level achieving, and low-achieving
nursing students groups based on the support conditions used in the CBVLE, a
significant univariate main effect was found for the post-test scores (F(2, 89) = 6.37, p =
<.00, η2 = .13), and particularly for the mathematical medication domains of infusion
(F(2, 89) = 5.49, p = .001, η2 = .11) and liquid medication (F(2, 89) = 6.25, p <
.00, η2 = .12). For solid medication, no univariate main effect was found (F(2, 89)
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Fig. 2 Differences in mathematical medication learning between the achieving groups and their
support conditions

= 1.47, p = .24). Further analysis with a Tukey HSD test revealed that these differences related to the groups under condition 1 (with no support from worked examples; M = 13.4, SD = .76) and condition 3 (worked examples with regular
thinking strategies; M = 10.3, SD = .75). Figure 2 shows the differences in post-test
mathematical medication training for the groups of nursing students (high-achieving/mid-level achieving/low-achieving) and the conditions in which they experienced the CBVLE training (marked with dotted lines).

Discussions
The overall results of this study confirm our expectations that learning via a CBVLE
considering instructional activities as interleaved practice and feedback fosters nursing
students’ mathematical medication learning. Based on these instructional activities in
the CBVLE, nursing students were able to solve different mathematical medication
problems within a relatively short time. This corresponds with the findings of Tynjälä
(2013), who reports that exposing students to numerous mathematical medication
problems trains them in extracting the relevant mathematical information from complex problems. A further detail of Tynjälä’s results that is pertinent to this study is that
this extraction of information does not relate to the number of exercises but the number of correct exercises in terms of its effect on mathematical medication learning. In
addition, nursing students’ prior mathematical medication knowledge and their nonverbal intelligence accounted as predictors for mathematical medication learning via
the CBVLE. However, when the mathematical learning outcomes were compared under
the four different support conditions, controlling for prior knowledge did not reveal
any effect between the support conditions and mathematical medication learning outcomes; only controlling for nursing students’ non-verbal intelligence accounted for
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significant results. More specifically, when non-verbal intelligence scores were considered, students in condition 1 (without worked examples) scored significantly higher
learning outcomes than students in condition 3 (worked examples with the support
from regular thinking strategies). This may be attributable to the characteristics of the
instructional material of the worked example with regular thinking strategies. To trigger the learner to conduct active thinking, regular thinking strategies should be ‘formulated as statements that may be individually and socially negotiated’ (Zohar & David,
2008, p. 60). The worked examples in the CBVLE did not include this linguistic component. Zohar and David (2008) stress the importance of a strong verbal component of
thinking strategies. In this CBVLE, thinking strategies were presented only on paper,
and this might be the reason that they could not trigger students to carry out active
thinking. Moreover, the structure of the learning environment in the CBVLE outlined a
domain-specific learning task and had control over many of the information elements
and their interactions, which were pre-programmed for the learners. Worked examples may therefore have been redundant. This applied not only to high-achieving
students (see Anderson, Fincham, & Douglas, 1997; Kalyuga, Chandler, & Sweller,
2001a; Kalyuga, Chandler, Tuovinen, & Sweller, 2001b; Kirschner et al., 2018; Van
Merriënboer & Sweller, 2010), but also to the low-achieving nursing students.
From a cognitive load theory (CLT) perspective, this means that technology has
taken over some of the capacity of working memory, which accounts for the benefits to low-achieving learners. Thereby, interleaved practice ensures a broader
knowledge base for all nursing students (Dunlosky et al., 2013; Rohrer et al., 2015).
Different mathematical medication problems with the same mathematical medication rules distributed in the CBVLE enhance nursing students’ retention. Students
learn to choose the right strategies next to focus on executing strategies (Rohrer
et al., 2014). Students constantly focus on retrieving different solutions, which
strengthens memory associations (Rohrer et al., 2015).
Our findings are different from those of Anderson et al. (1997), who state that
worked examples can be effective for skill acquisition in well-structured domains such
as mathematics. It seems that the amount of information forwarded by the instructional
activities in the CBVLE supported nursing students sufficiently in mathematical medication learning. In addition, Gick and Holyoak (1987) state that transfer tasks cue the
retrieval of appropriate prior knowledge. In the CBVLE, these transfer tasks took the
form of short exercises that encouraged nursing students to retrieve and apply the appropriate underlying knowledge necessary to solve the mathematical medication problems. The similarity of processing may have generated the transfer of knowledge
necessary for mathematical medication learning. This is in line with Warner et al.
(2020) who state that online instruction should be adapted to students’ prior knowledge
to improve learning. Another important factor for transfer, according to Gick and
Holyoak (1987), is the students’ background knowledge of the subject. The CBVLE supports the mathematical medication learning of nursing students in the context of their
future professional tasks. This was underlined by the high percentage of nursing students who reported that the CBVLE made them more aware of their skills in medication administration: 90% (fully) agreed. Consequently, the hypothesis tested in this
study that students would benefit from the worked examples supported by domainspecific knowledge (condition 2) was not supported.
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In this study, the mathematical medication learning of low-achieving nursing students
improved most. More interesting is the fact that the low-achieving nursing students in
condition 1, with no support from worked examples, gained the highest mathematical
medication learning results. Worked examples with regular thinking strategies were
also detrimental to learning in the low-achievement group. This result is subject to the
restrictions on regular thinking strategies mentioned above, but the importance of
knowledge should not be underestimated. For some learning tasks, regular thinking
strategies may be counterproductive, since knowledge matters (Hirsch Jr., 2016; Tricot
& Sweller, 2014). Sweller (2010) places considerable emphasis on devising techniques
that support students’ domain-specific knowledge learning, rather than regular skills
(Pollock et al., 2002). On the other hand, worked examples with domain-specific knowledge may have imposed an excessive load (see Sweller, 2010), which might be a reason
that the hypothesis of the low-achieving students was not supported in this study. The
low-achieving students did not show higher mathematical learning outcomes under
condition 2 (with worked examples supported by domain-specific knowledge).
The structure of the learning environment in the CBVLE burdens the short-term
memory of low-achieving nursing students by focusing on a variety of mathematical
medication problems and retrieving different solutions from short-term memory that
foster good long-term recall (Roediger & Karpicke, 2006; Rohrer et al., 2015). This is
clearly visible in Fig. 2, where it can be seen that there are big differences in mathematical medication learning in the low-achievement group in terms of the various support
conditions in the CBVLE, while the level of support conditions in the CBVLE appears
to be unimportant for the experienced students in the high-achieving group. The latter
is in line with Mayer (2001) who states that experienced students need less guidance
than inexperienced students. Experienced students have more developed schemas that
enable to process information automatically and reduce the burden on working memory (Clarke, Ayres, & Sweller, 2005). This enables students to engage in activities that
are more complex. Hence, worked examples are detrimental to the acquisition of skills
when levels of expertise are sufficiently high (Kalyuga, Chandler, & Sweller, 2001a;
Kalyuga, Chandler, Tuovinen, & Sweller, 2001b; Tricot & Sweller, 2014). Nevertheless,
the second hypothesis tested in this study, regarding the expectations that highachieving students were expected to score more highly in mathematical medication
learning under condition 1 (no support of worked examples), was not supported. The
support conditions in the CBVLE for the high-achieving group appeared to be unimportant for mathematical medication learning.

Conclusions, limitations, and suggestions for future research
To conclude, we designed the CBVLE with numerous mathematical medication scenarios to create an environment in which nursing students could study the concept of
mathematical medication that would be essential in their future profession. Although
this study focused on mathematical medication learning, the importance of nursing students’ learning in terms of the future task of medication administration should not be
underestimated. Our results seem to indicate that the CBVLE can engage nursing students in training on difficult, unclear situations that they are likely to come across in
professional practice (Prins et al., 2019).
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This study was an initial attempt to train nursing students in mathematical medication via a CBVLE. This is a form of learning that enables students to engage in transformative and innovative, rather than reproductive, learning (Tynjälä, 2013). Learning
can also be facilitated by taking into account the emotional process during learning in
the CBVLE (Pekrun, 2011), and it would be interesting to find out whether this is the
case in relation to CBVLE training and its effects on learning. We therefore suggest that
future research should focus on how the features of a CBVLE can facilitate the emotional process and thus learning, especially for nursing students in mid-level achieving
and low-achieving groups. This study used a small sample of participants, especially in
the low-, mid-level-, and high-achieving groups, since we were able to only download
the activity logs of 60 students. This may limit the generalisability of the findings of the
study and may prevent strong claims being made that are not based on coincidence.
The findings of this study should therefore be treated cautiously. For instance, although
worked examples that can serve the organisation of the knowledge needed to solve
complex mathematical medication problems take time to complete, we established a
limited time per lesson (45 min); hence, the nursing students who were given worked
examples based on domain-specific procedural knowledge were unable to solve as
many mathematical medication problems as the other groups. In future studies, this
needs to be considered.
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