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Summary

Artificial intelligence is increasingly competing with humans in the labor market. To
avoid being left behind, employees must continuously reinvent themselves by learning
new skills. However, science education still largely relies on traditional training ap-
proaches such as lectures and books, which fail to teach the hands-on competencies
required by 21st-century jobs. Hence, educational games and virtual reality (VR) have
been proposed as promising avenues for bridging this gap between theory and practice.

This thesis discusses how VR could become a cost-effective training strategy for learning
life science laboratory competencies. In a media comparison, it investigates the efficiency
of VR training by comparing it to text-based and personal instruction. Results indicate
that VR could eventually replace physical laboratory training in certain fields, for exam-
ple, biopharmaceutical manufacturing. The thesis further investigates how instructional
design can be tailored to the specific needs of trainees. Particularly, it addresses how
to design gender-specific pedagogical agents that improve learning. Finally, the pre-
sented work discusses the use of in-game behavioral patterns to assess performance and
expertise, which could render laborious post-tests unnecessary.

Designing VR for learning is a multidimensional problem: Instructions must be adapted
to the desired learning outcomes, the specific affordances of the VR medium, trainees’
personal characteristics, and their performance and affective states during gameplay.
Understanding how these factors influence learning, and feeding them into intelligent
tutoring systems will enable the personalization of educational games, promising optimal
learning outcomes.
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Dansk Sammenfatning

Kunstig intelligens konkurrerer i stigende grad med mennesker på arbejdsmarkedet. For
at modvirke dette, skal medarbejderne løbende genopfinde sig selv, ved at lære nye
færdigheder. Uddannelse inden for videnskab er, i vid udstrækning, stadig afhængig
af traditionelle træningsmetoder såsom forelæsninger og bøger som ikke videregiver de
praktiske kompetencer, der kræves af job i det 21. århundrede. Derfor er digitale
læringsspil og virtual reality (VR) blevet foreslået som lovende veje til at bygge bro
mellem teori og praksis.

Denne afhandling omhandler, hvordan VR kan blive en omkostningseffektiv trænings-
strategi til læring og undervisning inden for life-science laboratoriekompetencer. I en
mediesammenligning undersøges effektiviteten af VR-træning ved at sammenligne den
med tekstbaseret og personlig instruktion. Resultaterne indikerer, at VR i sidste ende
kan erstatte fysisk laboratorietræning inden for områder som fremstilling af biofarmaceu-
tika. Afhandlingen undersøger yderligere, hvordan instruktionsdesign kan skræddersyes
til elevernes specifikke behov. Især tager det fat på, hvordan man designer kønsspeci-
fikke pædagogiske agenter, der forbedrer læring. Slutteligt diskuterer det præsenterede
arbejde brugen af adfærdsmønstre i VR til at vurdere ydeevne og ekspertise, hvilket kan
gøre krævende efter-tests unødvendige.

At designe VR til læring er et flerdimensionelt problem: Instruktioner skal tilpasses de
ønskede læringsresultater, de specifikke særegenheder af VR-mediet, elevernes personlige
egenskaber og deres ydeevne under VR-simuleringen. At forstå, hvordan disse faktorer
påvirker læring, og at føde dem ind i intelligente vejledningssystemer, vil muliggøre
personalisering af digitale læringsspil, hvilket lover at give optimale læringsresultater.
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Outline

Chapter 1 summarizes state-of-the-art instructional design practices for educational
games and virtual reality (VR). It introduces different methods of measuring learning
outcomes from questionnaires, performance demonstrations, and trainee behaviors. Fi-
nally, the chapter addresses how instructional design can be tailored to trainees’ personal
characteristics to optimize learning.

Chapter 2 is a case study on pedagogical agents. It discusses how matching the agent
to the trainees’ gender impacts learning in a VR laboratory simulation.

Chapter 3 compares VR to traditional instruction in biopharma manufacturing. It
posits VR as a replacement for text-based instruction and physical laboratory training.

Chapter 4 offers an alternative and outlook to post-training assessments by predicting
learning outcomes from VR behaviometrics.

Chapter 5 contains concluding remarks about the research presented in this thesis and
offers future perspectives.
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CHAPTER 1
Introduction

1.1 Background
Digital technologies have profoundly impacted almost all areas of our daily lives in
the past decades. Like the industrial revolution, the current automation revolution is
creating entirely new professions while continuously rendering others obsolete. In this
rapidly changing labor market, lifelong up- and re-skilling are becoming the new norm [1,
2]. Skills learned today might not be relevant in the job market even a few years in the
future. Therefore, the ability to relearn will be of vital importance to individuals hoping
to avoid being outcompeted and replaced by artificial intelligence (AI) technologies [3].
Hence, developing effective educational tools to train the workforce for current and future
jobs is more relevant today than ever before.

Contrary to common belief, academic jobs are as equally affected by automation as
manual service work. For example, compared to nurses, medical doctors are more likely
to be replaced, or sidelined, by AI because the mechanical work of injecting medica-
tions and changing bandages is more difficult to automate than disease diagnosis [3, 4].
Yet, outdated and ineffective training approaches continue to dominate educational and
professional training programs in science education [5]. Not surprisingly, graduates are
ill-prepared to join the biotech workforce after leaving university, explaining why retrain-
ing is becoming an increasingly expensive venture for companies [6–8]. To address this
gap between traditional training and the labor market, it is therefore necessary to adapt
teaching and training to the fast-paced digital age.

Most current training occurs at certain levels of abstraction either due to resource restric-
tions or safety concerns leading to a ”workforce of theoreticians”. On the one hand, tra-
ditional training approaches such as presentations and textbooks do not foster trainees’
natural curiosity and cannot teach hands-on skills required for modern-day jobs [9]. On
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the other hand, practical courses and one-to-one tutoring programs are expensive. Phys-
ical laboratory classes are also potentially dangerous due to the handling of hazardous
substances or equipment. Thus, they are often cut from the curriculum. Digital learning
tools such as educational computer games or virtual reality (VR) have therefore been
suggested as new media to bridge this gap between theory and practice. They promise to
provide a cheap, engaging, and interactive alternative to traditional training approaches
[5].

1.2 Instructional Design in Digital Learning

1.2.1 Educational Computer Games
Digital learning tools have evolved from simple textbook or lecture adaptations to so-
phisticated, gamified environments such as the virtual laboratory simulations discussed
in this thesis. While multimedia learning principles were previously formulated based
on animated, two-dimensional environments, the same principles are increasingly being
adapted to more realistic, three-dimensional computer games and VR [10, 11].

Despite positive trends over the last century, unequal distribution of educational re-
sources remains a global challenge. The number of years of school attendance are still
below average in developing nations (Figure 1.1) [12, 13]. Hence, digitizing traditional
media could have an equalizing effect on society by opening up remote training pro-
grams to learners who were previously excluded [1]. Meanwhile, educational computer
games hold the potential to elevate individual learning beyond traditional instruction
by exploiting the unique affordances of digital media.

An emerging body of evidence suggests that educational games outperform traditional
training methods on direct and indirect performance indicators and affective training
outcomes [15, 16]: For example, virtual laboratory simulations were shown to be more
effective than lectures at conveying theoretical knowledge, more effective at inducing
behavioral changes than text-based instruction, and equally effective as a live demon-
stration for preparing students for a physical laboratory class. They also yielded higher
average scores for self-efficacy, motivation, and enjoyment than traditional methods [5,
17–19]. However, the educational value of computer games predominantly depends on
an appropriate instructional design tailored to this specific medium, the desired learning
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Figure 1.1: Global overview depicting average years of schooling received by people
above 25 years old (2017). Reproduced under the CC BY license [14] as an excerpt from
[12, 13].

outcomes, and the personal characteristics of trainees [20, 21]. Relevant instructional
design topics in the context of this thesis are game narratives, pedagogical agents, rein-
forcement learning, and intelligent tutoring systems.

1.2.1.1 Game Narratives

To optimize learning outcomes, teaching material should be put into a narrative frame-
work tailored to the target audience’s training needs. Two narrative controls are the
integration of game fiction and adjusting the level of guidance.

Game fiction provides a sense of context and relevance by anchoring the learning material
in a coherent storyline [22]. Mixed results were reported on the importance of game
fiction for learning: While some reviews and meta-analyses reported positive effects on
motivation, knowledge, and behavioral learning outcomes [22, 23], others have found
no effects [20, 24]. Hence, despite a positive trend in favor of game fiction, qualitative
differences in its integration make it difficult to draw general conclusions. For example,
some educational games feature a continuous storyline integration, while others only set
the stage at the beginning of the game with an unclear impact on learning outcomes for
either approach [22].
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Avoiding frustration while offering the right level of challenge is key in driving effective
learning. Therefore, it is important to carefully balance discovery- or inquiry-based learn-
ing tasks against more guided activities when designing educational games (instructional
scaffolding) [25]. The amount of guidance promotes different types of learning: strin-
gent guidance was found to reinforce theoretical and procedural knowledge and support
physical skills transfer. Being able to explore the environment more freely was shown to
promote spatial recall, and the construction of integrated knowledge structures associ-
ated with higher-order cognitive processing [26–30]. Thus, in addition to adjusting the
amount of guidance to trainees’ expertise (further discussed in Section 1.4.1), the desired
learning outcomes also need to be accounted for when designing educational games.

The two virtual laboratory simulations created for this thesis were embedded into a
coherent storyline in line with game fiction research trends. The predominantly linear
game-flow was interspersed with exploratory tasks according to the desired learning
outcomes and target audiences: the laboratory safety simulation (Chapter 2) was more
open-ended than the compliance training simulation (Chapters 3 & 4), where the precise
execution of tasks according to a protocol was the main learning objective. While
considered in the game design of the virtual laboratory simulations, narrative elements
were kept constant across experimental conditions in the reported studies.

1.2.1.2 Pedagogical Agents

Humans are inherently social animals. According to social cognitive theory (SCT), ed-
ucational games should be able to facilitate learning through social interactions with
other players or non-player characters such as pedagogical agents [31].

Thus far, studies that investigated multi-player simulations and team-play did not find
conclusive evidence supporting SCT. A moderating effect was found for collaborative
team competition vs. single-player competition, with the former outperforming the
latter [22, 32]. However, the general trend is towards better learning outcomes when
playing alone [20, 32]. It has however been suggested that these findings are due to a
lack of experience in designing multi-player games for social learning [33].

Pedagogical agents are animated characters that convey information, provide feedback,
and guide trainees through the environment. In line with SCT, pedagogical agents
were shown to positively impact learning by motivating trainees and boosting their
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self-efficacy [34–36]. Moderating effects were found for different personal contexts and
agent features, with research studies focusing either on agent appearance, agent role, or
a combination of both [36]. For example, overall, K-12 students benefited more from
pedagogical agents than older students, with better outcomes for girls than boys [35,
37]. In terms of appearance, agent attractiveness negatively correlated with learning,
while animating the agent yielded positive effects [35, 37]. In terms of roles, motivating
mentors with domain expertise were optimal for learning and engagement (again with
gender-specific differences) [37, 38]. Hence, the intrinsic properties of the agent need to
be carefully designed to maximize learning and match the trainees’ specific social needs
(Chapter 2) [39].

Many studies focused on trainees’ preferences for certain pedagogical agents instead of
measuring the agent’s effect on learning outcomes. For example, studies have found
that trainees preferred attractive, peer-like agents, which may be counterproductive
for learning [37, 40]. Hence, it is important not to confuse trainees’ preferences with
positive learning outcomes. The implications of this discrepancy on instructional design
are further discussed in Sections 1.2.1.4 & 1.3.2.1.

1.2.1.3 Reinforcement Learning

A classic approach to improving learning, not limited to computer games, is incorporat-
ing feedback mechanisms into the training activity. The idea is to change user behaviors
through positive or negative reinforcements (operant conditioning) [41].

Explanatory (verbal) feedback, as for example, delivered by pedagogical agents, was
shown to promote learning and reduce strain on the brains working memory (cognitive
load) in novices compared to corrective feedback alone. Thus, this supports evidence
(Section 1.2.1.1) that discovery-based learning with minimal feedback/guidance does
not necessarily improve affective and cognitive training outcomes [42, 43]. Importantly
the presentation of feedback is not limited to text. It can also consist of acoustic or
visual cues, thereby reducing cognitive load by distributing it across the brain’s different
information processing channels [44, 45].

Providing immediate feedback builds on external rewards as an incentive for learning,
which primes students for the reward rather than fostering their intrinsic curiosity and
motivation. An alternative, inquiry-based approach is productive failure: instead of reg-
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ularly reinforcing a particular behavior, support is only provided after a delay [46, 47].
Allowing trainees to fail at a given task was shown to enable higher-order cognitive pro-
cesses such as problem-solving, thereby improving overall transfer scores (Section 1.3.1.2)
[46–49]. Hence, depending on the task difficulty and the learner’s current engagement
with the learning material, feedback should be timed accordingly [45].

To this end, the two virtual laboratory simulations featured in this thesis contained 11
and 17 problem-solving challenges. In each challenge, trainees had to correctly answer
a multiple-choice question integrating their acquired knowledge with the current task
they were performing to proceed (e.g., they had to evaluate the pedagogical agent’s cal-
culations based on a previously learned formula). Failing to respond correctly decreased
the performance/challenge scores (Chapters 2 & 4). Trainees had to retry the challenge
until successful, upon which the pedagogical agent provided short explanatory feedback.

1.2.1.4 Intelligent Tutoring Systems

The instructional designers’ challenge to pick a more or less linear game flow, match the
pedagogical agent to the learner, or correctly time feedback can be overcome by adaptive
educational games.

Like traditional one-to-one training, adaptative virtual environments allow the interac-
tivity, difficulty, and pace to be tailored to the trainee. Such intelligent tutoring systems
(ITS) use AI technology to provide individualized instruction based on a model of the
player [50]. Creating and updating this model requires close monitoring of affective
states and performance based on user behaviors during gameplay (Section 1.3.2.2). In
the most recent reviews, ITS were reported to outperform the non-adaptive controls and
traditional courses and even be at par with one-to-one training [51, 52].

However, scenarios where trainees could control the difficulty level of the game them-
selves, were shown to outperform AI-controlled environments [20]. Hence, systems that
use AI to leverage human decision-making instead of fully automating individualized
instruction are a promising avenue for effective ITS design [53]. For example, a peda-
gogical agent may offer but not automatically provide help if it detects that the player
is spending excessive time on a specific task. Nevertheless, there are reported cases
where the students’ preference was not aligned with their performance [37, 54]. Due to
such human cognitive biases, it is thus conceivable that the next generation of AIs will
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outcompete trainees in choosing optimal, individualized learning experiences [3].

1.2.2 Immersive Virtual Reality

As computer simulations further evolve into fully immersive VR experiences, instruc-
tional design needs to harness this novel medium’s benefits and deal with its challenges.
When desktop-based simulations were directly transferred to VR without adjusting the
instructional design, trainees learned less than from the desktop version. However, con-
sistent with the literature, participants reported higher presence (the feeling of being
”there” in the environment) [55]. Similarly, VR was reported to be less effective than a
well-designed slide show, even though the VR condition was rated higher on motivation,
interest, and engagement [56]. How these affective benefits associated with VR can be
translated into learning outcomes is a matter of current investigation.

Some studies suggest that VR improves spatial recall and psycho-motor skills. These
findings can be attributed to the higher realism, and immersion/presence experienced
in VR environments as a result of embodied cognition [28, 57, 58]: Trainees naturally
interact with the environment using hand gestures or controls, and the field of view
automatically adjusts to the head rotation of the player [59]. Hence, VR promotes a sense
of agency — the feeling of having control over the environment, which is associated with
the creation of integrated knowledge structures (Section 1.3.1.2) [11]. On the grounds of
these unique affordances, we investigated if VR can be used to efficiently prepare trainees
for on-the-job skills in biopharma manufacturing by realistically mimicking physical work
environments (Chapter 3).

After the initial hype that VR would revolutionize education, there has been a recent
backlash as the technology matures [60]. Unlike previous technological inventions, how-
ever, VR holds unique affordances that can be exploited for learning by merging the real
and fictional worlds in an unprecedented way. This is supported by the increasing num-
ber of VR training applications in fields such as medicine, safety training, and aviation
(e.g., [61–63]). Some scholars and tech entrepreneurs even believe that ”if you assume
any rate of improvement at all, then games will [eventually] be indistinguishable from
reality” [64].
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1.2.2.1 VR Design Guidelines

Research on the usefulness of immersive VR for education is only starting to emerge (with
medicine leading the way), so most current VR design guidelines are anecdotal in nature
[11]. Therefore, Chapters 2 - 4 shed some light on this novel medium’s peculiarities by
reporting randomized controlled trials with a VR condition.

Nevertheless, we derived some recommendations from initial studies combined with the
author’s own experience in designing 10+ VR laboratory simulations on a variety of life
science topics, including invertebrate model systems, nuclear magnetic resonance, lab
safety (Chapter 2), and pH calibration (Chapters 3 & 4): Firstly, rich VR environments,
especially when experienced for the first time, can increase trainees cognitive load. To
not distract trainees from the learning material, reducing the environment’s complexity
and providing proper guidance are even more essential than in desktop-based educational
games [65]. Secondly, reading large amounts of text can be tiring, particularly given the
low resolution of first-generation VR headsets. Therefore, text should be replaced with
more immersive options such as conversations with pedagogical agents or animations [11,
66]. Thirdly, players may experience cybersickness resulting from sensory conflict. For
example, camera-tracking motions (as in rollercoaster simulations) should be avoided be-
cause they lead to mismatching information between the eyes and the vestibular system
(motion sensing organ) [67]. Finally, incorporating creative and congruent kinesthetics
to promote a sense of embodiment and agency is a way of exploiting these unique VR
features for learning and engagement [11].

1.3 Performance Assessment

1.3.1 Direct Performance Assessment

1.3.1.1 Knowledge Retention

Instructional design aims to maximize learning through a set of best practices. However,
making design choices depends on being able to quantify learning reliably. A traditional
way of measuring learning is to assess knowledge retention in a post-test. These tests
typically consist of topic-specific multiple-choice questions testing the learner’s ability
to recall information. Retention corresponds to the lowest complexity level in Bloom’s
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cognitive taxonomy of learning outcomes (Figure 1.2) [10].

Figure 1.2: Cognitive domain of Bloom’s taxonomy depicting the hierarchy of learning
outcomes based on their complexity. Lower levels of cognitive processing are associated
with the pyramid’s base, building up to higher levels towards the tip. Reproduced under
the CC BY-NC license [68] as an excerpt from [69].

Overall, studies have found positive effects on retention when training with digital learn-
ing tools as opposed to traditional instruction (e.g., instructional texts, videos, or lec-
tures) [16]. This effect is more pronounced in delayed retention tests, suggesting that
the situational context of computer games, particularly in embodied VR, promotes long-
term memorization [24, 63, 70]. In fact, the combination of spatial association and
visualization (called memory palace technique), for example, associating a list of gro-
ceries with specific body parts, is a proven method for enhancing information recall in
and outside computer games [71, 72].

Retention tests are probably the most common type of assessment used in education, and
respective questions were included in all studies conducted as part of this thesis. However,
since retention tests only assess the lowest cognitive processing level, it is impossible to
predict whether trainees possess an integrated understanding of the learned content or
just recall fragmented pieces of information [10].

1.3.1.2 Knowledge Transfer

Moving upwards in Bloom’s taxonomy (Figure 1.2) towards higher levels of complexity,
transfer tests become applicable. Knowledge transfer tests typically consist of open-
ended questions aimed at detecting higher-order cognitive processing. By asking partic-
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ipants to apply their learnings to new situations, transfer questions assess participants’
problem-solving abilities [10, 73].

In some cases, knowledge transfer was significantly different between training scenarios
that included educational games, whereas retention was not (e.g., [19, 65]). Specifi-
cally, when comparing VR to desktop-based instruction, the VR version outperformed
the desktop version only on the transfer test [19]. It is therefore advisable to include
knowledge (and other) transfer tests in the assessment of digital learning environments
to measure the construction of integrated knowledge structures (meaningful learning)
[10].

Open-ended transfer questions are typically rated by subject experts, who may be bi-
ased in their assessment. For example, items are not judged independently because the
trainee’s overall impression influences the rater’s assessment (halo-effect) [74]. Hence,
to guarantee intra- and inter-rater reliability, items should ideally be scored blindly and
randomly by multiple raters using a joint scoring key [75]. Even though widely accepted,
open-endedness is not necessarily a requirement for detecting higher-order cognitive pro-
cessing. Hence, it has been suggested that the multiple-choice format should also be
applied for measuring transfer due to its higher reliability and cost-effectiveness [76].

1.3.1.3 Practical Skills Transfer

Embodied multimedia environments with a high level of realism such as VR are optimal
training grounds for practical skills transfer. The execution of practical laboratory tasks
requires a combination of procedural knowledge and psycho-motor skills. While the
former can be assessed by a theoretical test (e.g., [73]), measuring psycho-motor skills
or the combination of both demands a performance demonstration [77].

The assessment of psycho-motor skills was pioneered in the medical field, where box-
trainers (Figure 1.3) and their digital counterparts are used to specifically target surgical
performance irrespective of cognitive learning outcomes. Measures of time, errors, and
economy of movements as scored by either the trainer or the apparatus were significantly
correlated to surgical experience [78, 79]. With the advent of machine learning, there
was even a push to use computer vision on videotaped performance demonstrations to
better quantify surgical skills. Nevertheless, human raters remain important for surgical
performance assessment [80].
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Figure 1.3: Low-cost laparoscopic box-trainer for training basic surgical skills. Repro-
duced under the CC BY license [14] as an excerpt from [81].

In other fields such as biotech, physical performance assessments are less advanced. A
possible explanation might be that psycho-motor skills are harder to distinguish from
cognitive skills when conducting experiments in a biotech laboratory. In a recent study,
real-lab performance after training in VR was assessed by non-experts on a single metric:
When faced with a safety-hazard in the lab, students’ ability to correctly manage the
situation was scored by an assistant on an overall scale from 1 to 10 for an exercise
consisting of multiple tasks [19]. Hence, the bias of different testers is more likely to
influence the outcome. In Chapters 3 & 4, we applied a more systematic approach to
physical laboratory performance assessment after compliance training that more closely
resembles surgery training and testing approaches.
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1.3.2 Indirect Performance Assessment

1.3.2.1 Self-reported Performance Indicators

Traditionally, differences in learning are assessed with AB-tests by comparing two similar
conditions of the same training tool. Meta-analyses then use effect sizes to compare the
magnitude of change across studies [82, 83]. However, for AB-tests where A significantly
differs from B, an alternative to direct performance assessment is to use self-reported
performance indicators that are topic independent and easy to measure [84, 85]. For
example, to compare a virtual laboratory simulation about invertebrate model systems
to a simulation about nuclear magnetic resonance, one can resort to perceived learning
measures. Hence, self-reported performance indicators can predict learning outcomes in
cases where direct performance assessment is not applicable.

To reliably use indirect performance indicators, it is important to understand the inter-
play between different mental states, personal perceptions, and learning. Self-reported
instruments on perceived cognitive and psycho-motor learning and affective training
outcomes should therefore be validated [84].

Studies have consistently reported that positive outcomes of perceived learning, self-
efficacy, and affective states such as enjoyment, motivation, etc., are aligned with per-
formance (Chapter 3) [17, 84, 86, 87]. However, there are known trade-offs between
affective training outcomes and learning. For example, activities perceived as enjoyable
can distract trainees from the content to be learned and instead focus their attention
on the gameplay [88, 89]. Students’ intrinsic motivation to learn is a good indicator of
success, not to be confused with the extrinsic motivational benefits of edutainment that
sugar-coat the learning material [90, 91]. Thus, caution should be exercised when using
self-reported performance indicators, particularly affective training outcomes, as proxies
for learning upon which to base instructional design decisions.

1.3.2.2 Behavioral Performance Indicators

Another indirect assessment approach is to predict performance from behavioral patterns
(behaviometrics) recorded during gameplay [92, 93]. As a sub-domain of educational
data mining, behavioral performance prediction quantifies human learning with machine
learning techniques [94]. This non-intrusive approach for ”stealth” assessment has the
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advantage of not biasing trainees to the post-test, and it is independent of human testers
and their subjective ratings [92].

Studies have shown that factors like in-game time, keystroke dynamics, mouse move-
ments, and interaction patterns can be used to predict affective training outcomes and
performance [95–98]: For example, in programming contexts, the logged behaviors were
better predictors of success than static tests [99]. Similarly, behaviors were able to pre-
dict the post-test scores in educational games about mathematics and physics [93, 100].
Due to a lack of studies investigating behaviometrics for performance prediction in VR,
we addressed this gap in Chapter 4.

Using behavioral proxies to assess trainees’ learning raises questions with regards to
modeling bias and explainability [101]: Firstly, behavioral predictors may discriminate
against protected attributes such as age, gender, cultural background, etc. (Section
1.4). Secondly, opaque but highly accurate machine learning models make it impossible
for trainees to understand the logic behind their performance assessment. Therefore,
Chapter 4 also touches upon these fairness aspects of educational data mining.

1.4 Personal Aspects of Digital Learning
Many studies on multimedia learning are carried out with psychology students since
this setup does not require cross-disciplinary recruitment efforts. The results are then
extrapolated to larger populations, which can be problematic due to the students’ specific
backgrounds (they all belong to a particular age group with similar prior experience)
[102, 103]. Hence, factors such as age, professional background, gender, and cultural
affiliation should be considered when designing digital learning tools [104].

1.4.1 Expertise
Expert computer game players were shown to profit from removing additional informa-
tion displayed on a heads-up display that distracted them from the gameplay. Instead,
their immersion improved through an elevated sense of agency [105]. Thus, reducing
feedback and guidance increases task difficulty and promotes a discovery-based learning
approach. Players’ engagement also depends on the complexity of the environment in
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relation to their expertise: Complex environments that included a multitude of game
features were perceived as more challenging, which appealed to experienced players [106].

In educational games, the difficulty should be adapted to trainees’ professional back-
grounds coupled with intuitive gameplay, thus focusing the attention on the learning
content. For example, our pH calibration game (Chapters 3 & 4) was specifically de-
signed for ”(re-) training industrial operators in the biopharma industry”. In our studies,
embodied VR was favored over other media since navigating and interacting with this
environment is closer to real-life and less dependent on previous gaming experience [107].

1.4.2 Age

Age-related cognitive changes restrict the elderly’s ability to adopt new technologies
causing a digital literacy divide between generations [108]. However, the combination of
an aging population with fast-changing work environments makes it inevitable to tailor
digital learning tools towards all age groups (Section 1.1). In our studies, participants
were between 13 and 53 years old (Chapters 2 - 4).

Age is often associated with lower mental flexibility, as the brain starts to rely more
and more on experience [109]. Working memory capacity, cognitive processing speed,
knowledge integration, and the ability to filter out unnecessary information were shown
to decline with age [110, 111]. For example, reinforcement learning is affected by age
because stimuli such as reward and punishment become less effective over time [112]. Not
surprisingly, older trainees typically take longer to learn new skills and show different
navigational behaviors in digital learning environments [113]. The latter should be
considered when using in-game behaviors for performance assessment (Chapter 4).

In line with adapting digital learning environments to novices, it is therefore recom-
mended to apply strategies that reduce cognitive load when designing games for the
elderly. Reducing the environment’s complexity and appropriate guidance are means of
compensating for the aforementioned cognitive changes caused by advancing age [110,
114].



1.4 Personal Aspects of Digital Learning 15

1.4.3 Gender

Contradictory to common belief, differing educational preferences between genders are
more pronounced in societies where access to (educational) resources is more egalitarian
[115]. The differences are better explained by an early onset of gender-specific interests
in different occupations, rather than beliefs in one’s own abilities (self-efficacy) [116].
Hence, gender differences hold important considerations for designing appealing multi-
media learning environments tailored towards all genders to guarantee the ”independent
formation and expression of gender-specific preferences” [115].

Males were shown to favor having navigational control and various choices when inter-
acting with multimedia environments, indicating that they prefer computer games that
promote high levels of agency, such as VR [117]. In line with their preference, boys
outperformed girls in the VR condition of an educational game about moon phases, but
not in the desktop condition [118]. Conversely, female learning outcomes seem to im-
prove in well structured, less interactive computer games that provide more guidance
even though they also prefer free exploration [119, 120]. It is likely, that the interdepen-
dency between gender and experience in playing computer games affected these results
(Section 1.4.1) and that gender-specific learning differences with regards to interactivity
and guidance are socially constructed [118].

Some studies suggests that there are certain sex differences with regards to social inter-
actions: For example, newborn males (who were not previously exposed to socio-cultural
influences) were particularly interested in objects, while females were more interested in
faces [121, 122]. Accordingly, girls favor rich game narratives with engaging animated
characters, and their learning benefits from interactions with social partners such as
humanoid pedagogical agents [120, 123]. We thus hypothesized that pedagogical agents
that match girls’ preference for human social partners and boys’ preference for objects
would positively impact their learning and engagement, which is explored in Chapter 2.

Sex-related influences on educational preferences and learning are still largely unknown
because it is practically impossible to differentiate them from socio-cultural and other
factors shaping someone’s gender identity [124]. One way out of this dilemma is to tailor
digital learning tools to individuals rather than socio-cultural groups by rendering them
adaptive using multi-variate personal data (Section 1.2.1.4).
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1.5 Rational of this Thesis
This thesis aims to elucidate the intricate connections between instructional design and
the quantification of learning in VR laboratory simulations. As a relatively new field
at the interface of human-computer interaction, human cognition, and computer sci-
ence, only a limited number of randomized controlled trials have been conducted that
investigate learning in VR environments.

The instructional design or choice of medium is highly dependent on the desired learning
outcomes and the target audience. Hence, on the one hand, this thesis investigates
how instructional design, players’ personal characteristics, and the choice of medium
influence learning. On the other hand, the presented studies explore different means of
quantifying learning in VR directly and indirectly. Accordingly, the two interconnected
research questions are as follows:

Q1: How do VR design, personal characteristics, and different media influence learning?
(Chapters 2 & 3)

Q2: How can learning in VR be quantified, and which secondary metrics are predictive
of the outcomes? (Chapters 2 - 4)
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Abstract

The main objective of this study is to determine whether boys and girls learn better

when the characteristics of the pedagogical agent are matched to the gender of the

learner while learning in immersive virtual reality (VR). Sixty‐six middle school stu-

dents (33 females) were randomly assigned to learn about laboratory safety with

one of two pedagogical agents: Marie or a drone, who we predicted serve as a role

models for females and males, respectively. The results indicated that there were sig-

nificant interactions for the dependent variables of performance during learning,

retention, and transfer, with girls performing better with Marie (d = 0.98, d = 0.67,

and d = 1.03; for performance, retention, and transfer, respectively) and boys

performing better with the drone (d = −0.41, d = −0.45, d = −0.23, respectively).

The results suggest that gender‐specific design of pedagogical agents may play an

important role in VR learning environments.

KEYWORDS

immersive virtual reaility, multimedia learning, pedagogical agents, social agency theory, virtual

learning

1 | INTRODUCTION

1.1 | Objective and rationale

The goal of this study is to determine how to create online pedagogi-

cal agents that are effective for learning in immersive virtual reality

(VR). Specifically, we are interested in whether boys and girls learn

better in immersive VR when the characteristics of the onscreen

pedagogical agent is matched to the gender of the learner.

An onscreen pedagogical agent is a character rendered on a

screen who is intended to facilitate learning of the presented material

(Kim & Baylor, 2006; R. Moreno, Mayer, Spires, & Lester, 2001;

Veletsianos & Russell, 2014). The character can be presented as an

animation of a cartoon creature or a video of a human. The represen-

tation can be displayed on a desktop computer, laptop computer,

tablet, smartphone, or head‐mounted display (HMD) in VR or

augmented reality. The instructional material can cover any topic, with

the goal that the onscreen pedagogical agent is designed to help

students learn. In this study, we focus on an animation displayed on

an HMD in VR on the topic of laboratory safety.

VR is an artificial environment that projects the user into a 3D

generated space (Blascovich & Bailenson, 2011). Immersion can be

regarded as an objective measure of the extent to which the VR sys-

tem presents a vivid virtual environment while shutting out the phys-

ical world (Cummings & Bailenson, 2016). Therefore, the term

immersive VR is typically used in the literature to refer to VR adminis-

tered through an HMD. Immersive VR is increasingly being used in

education due to heavy investment by large technology companies,

which has made the technology increasingly affordable, and a recent

report predicts that VR and related technologies could reach 15

million learners by 2025 (Goldman Sachs, 2018). The main affordance

of using immersive VR for learning is that the high level of immersion

leads to a higher sense of presence (Makransky & Lilleholt, 2018;

Makransky, Terkildsen, & Mayer, 2017; Parong & Mayer, 2018), which*The first and the second author contributed equally to this study.
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is the subjective sensation of “being there” in the virtual environment

(Lee, 2004). Although higher presence does not in itself lead to better

learning (Makransky, Terkildsen et al., 2017; R. Moreno & Mayer,

2002; Parong & Mayer, 2018), previous research suggests that certain

instructional design principles may be particularly relevant for

immersive VR (e.g., Makransky, Terkildsen, et al., 2017).

The practical rationale for focusing on learning with onscreen

pedagogical agents is that instructional content is increasingly being

delivered in the form of computer‐based lessons with onscreen agents

who explain or model for the learner, including animated pedagogical

agents in online lessons, animated pedagogical agents for learning in

immersive VR, and human agents in instructional video. The theoreti-

cal rationale is to better understand the conditions under which

people will accept computers as social partners (Reeves & Nass,

1996). We focus on the role of onscreen pedagogical agents in

immersive VR because this venue is not as well studied as some

others; thus, we can increase the domain of study.

1.2 | Literature review

Although the instructional effectiveness of onscreen pedagogical

agents has been a topic of interest for the past 20 years (Cassell,

1Sullivan, Prevost, & Churchill, 2000; Dehn & van Mulken, 2000; Heidig

& Clarebout, 2011; W. L. Johnson & Rickel, 2000; W. L. Johnson &

Lester, 2016; Mayer & DaPra, 2012; R. Moreno et al., 2001; Schroeder

& Adesope, 2014; Schroeder, Adesope, & Gilbert, 2013; Veletsianos &

Russell, 2014; Wang, Li, Mayer, & Liu, 2018), an important remaining

issue concerns how best to render the basic characteristics of the agent,

such as gender, ethnicity, and age (Baylor & Kim, 2004; Hoogerheide,

Loyens, & van Gog, 2016; Hoogerheide, van Mermeskerken, van Nas-

sau, & van Gog, 2018; Kim & Baylor, 2006; R. Moreno & Flowerday,

2006; Ozogul, Johnson, Atkinson, & Reisslein, 2013; Rosenberg‐Kima,

Plant, Doerr, & Baylor, 2010). Kim and Lim (2013) found that learner

gender was a significant factor in the learner's evaluations of a pedagog-

ical agent with females holding more positive attitudes towards agents.

However, with regard to the gender of the agent, there is some evi-

dence in the literature that students learn better in STEM subjects with

male agents than female agents regardless of the students' demo-

graphics. For instance, Johnson, Ozogul, Moreno, and Reisslein (2013)

found that a female agent only improved learning outcomes for low‐

performing students in an engineering simulation, whereas multiple

studies reported that male agents improve learning benefits for all stu-

dents or outperform female agents in similar contexts (e.g., Kim, Baylor,

& Shen, 2007; R. Moreno, Reisslein, & Ozogul, 2010; Ozogul, Reisslein,

& Johnson, 2011, Exp. 1). This suggests that students might hold stereo-

typical views about the agent's gender, that is, that male agents are

more competent STEM teachers. According to this hypothesis, students

learn best when the characteristics of the agent matches the stereotype

(Johnson, Ozogul, Moreno, & Reisslein, 2013).

An alternative view is that students learn best when the charac-

teristics of the agent are instead matched to the gender of the stu-

dent, which we refer to as the gender matching hypothesis. Although

some studies have found that students reported that they preferred

agents that are similar to themselves, such as preferring an agent with

the same gender (Johnson, DiDonato, & Reisslein, 2013), studies gen-

erally have failed to find support for the gender matching hypothesis

both with instructional video (Hoogerheide et al., 2016; Hoogerheide

et al., 2018) and animated agents (Johnson, DiDonato et al., 2013; R.

Moreno & Flowerday, 2006; Ozogul et al., 2013). That is, when faced

with a female agent, no differences in learning outcomes were found

between male and female participants, even though female partici-

pants generally have more positive attitudes towards pedagogical

agents (Johnson, Ozogul, Moreno, & Reisslein, 2013; Kim & Lim,

2013).

Should we give up on the gender matching hypothesis? Part of

the problem with the foregoing studies is that even though gender

was varied, the opposite gender agent still may have displayed

appealing characteristics that all students would perceive as similar

to themselves, such as their age, ethnicity, or the way they dressed.

Furthermore, previous studies have been primarily conducted with

college students, who have been found to have a lower preference

for agents that match their own gender, as opposed to younger partic-

ipants (A. M. Johnson, Ozogul, et al., 2013). In the present study, we

seek to further test the gender matching hypothesis by designing an

agent that was intended to appeal to girls rather than boys—a young

woman in a white lab coat named Marie who could serve as a role

model—and an agent that we predict to appeal more to boys rather

than girls—a hovering robot we called the drone. Such nontraditional,

mentor‐like role models have previously been shown to enhance

students' concentration and focus, as well as their transfer and self‐

efficacy scores (Baylor & Kim, 2004; Johnson, Ozogul et al., 2013; K.

N. Moreno et al., 2002; Thisgaard & Makransky, 2017). We also

extended the domain of inquiry beyond instructional video with

human agents and desktop animated agents to instruction in

immersive VR, which is intended to be a more engaging context of

learning (e.g., Makransky & Lilleholt, 2018).

In summary, a major gap in the existing literature on the role of

pedagogical agents' gender is that students typically learned with ped-

agogical agents who displayed appealing features that both boys and

girls could identify with, rather than with pedagogical agents specifi-

cally designed for mainly one gender to identify with. The present

study fills that gap by comparing learning outcomes by boys and girls

who learn with pedagogical agents that exhibit characteristics

designed to seem appealing specifically to boys more than to girls

(e.g., a robot‐like drone) or girls more than to boys (e.g., a young

female scientist).

1.3 | Theory and predictions

The matching hypothesis is that students learn better with onscreen

pedagogical agents that they can identify with. In the present experi-

ment, we examine a specialized version of the matching hypothesis,

the gender matching hypothesis, which posits that girls will learn

better with an onscreen pedagogical agent that has characteristics

they can identify with and boys will learn better with a pedagogical

agent that has characteristics they can identify with. In this study,

we intend to address a number of gaps in the literature related to

the choice of pedagogical agents when learning about STEM. In
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particular, we created an onscreen pedagogical agent that was

intended to appeal to girls—Marie, who is rendered as a young female

scientist in a white lab coat (as shown in the right panel of Figure 1)—

and an onscreen agent that we predict to appeal more to boys—a

drone, which is rendered as a futuristic, hovering robot (as shown in

the left panel of Figure 1). The reason we expect the drone to appeal

to boys is that it resembles agents from modern computer games (e.g.,

Higs from Robinson: The Journey or Wheatley from Portal 2) and

exhibits superhero characteristics that boys tend to identify with, such

the ability to fly around. We inserted the onscreen agents in an

instructional VR simulation aimed at teaching middle school students

about lab safety because most previous research in this field has been

done with university students. Furthermore, we use immersive VR in

order to increase the psychological fidelity and social presence of

interacting with a pedagogical agent when learning about STEM.

According to the gender matching hypothesis, we predict that girls will

learn better with Marie than the drone as the pedagogical agent

whereas boys will learn better with the drone than with Marie as a

pedagogical agent.

Overall, the gender matching hypothesis yields three specific

predictions concerning each of three primary dependent variables in

the experiment. First, we measured problem‐solving performance

during the learning phase of the experiment. Hypothesis 1 is that

girls will score higher on learning performance with Marie than with

the drone whereas boys will score higher on learning performance

with the drone than with Marie. Second, we measured learning out-

comes with a knowledge test—covering the basic information in the

lesson—and with a transfer test—which required students to apply

what they had learned to new situations. Hypothesis 2 is that girls

will score higher on the knowledge test if they had learned with

Marie rather than the drone whereas boys will score higher on the

knowledge test if they had learned with the drone rather than Marie.

Hypothesis 3 is that girls will score higher on the transfer test if they

had learned with Marie rather than the drone whereas boys will

score higher on the transfer test if they had learned with the drone

rather than Marie.

The matching hypothesis is consistent with social agency theory

(Mayer, 2014), which focuses on the impact of social cues in instruc-

tional messages. According to social agency theory, the first link is that

social cues in an instructional message (such as an onscreen pedagog-

ical agent you can identify with) can prime a social response in the

learner (such as feeling that the instructor is a social partner). The next

link is that when students see the instructor as a social partner and

feel as if they are in a conversation with the instructor, this motivates

cognitive activity aimed at trying harder to make sense out of what

the instructor is saying. The final link is that when students engage

in deeper cognitive processing during learning, such as mentally

arranging the material into a coherent structure and integrating it with

relevant prior knowledge activated from long‐term memory, this

results in desirable learning outcomes such as measured by posttests.

Overall, having a lesson with an onscreen agent that you can relate to

causes a social response in learners that makes them exert more effort

to understand the material and therefore construct better learning

outcomes. Schroeder, Adesope, and Gilbert (2013) report that the

embodiment of the agent does not need to be anthropomorphic in

order to create social agency. Thus, it is possible that a non‐humanoid

agent can trigger the same social responses, as a human agent. In their

meta‐analysis review, Schroeder et al. (2013) found that the pedagog-

ical agent's form (e.g., humanoid, non‐humanoid, actual human, and

mixed agent form) did not result in significant differences for learning.

The matching hypothesis is inspired by and consistent with the

model‐observer similarity hypothesis in social‐cognitive learning

theory (Bandura, 2001; Schunk, 1987). This theory posits that when

students view an instructional video modelling how to perform a task,

“the more similar learners perceive themselves to be to the model in

terms of characteristics such as age, expertise, and gender, the greater

FIGURE 1 Screen shots from the immersive virtual reality (VR) lab safety simulation showing the two pedagogical agents: Left: Hovering robot
called the drone. Right: Female, humanoid assistant called Marie [Colour figure can be viewed at wileyonlinelibrary.com]
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the self‐efficacy and thereby learning gains” (Hoogerheide et al.,

2018). Kim and Baylor (2006, p. 569) have shown how Bandura's

social‐cognitive theory can apply to learning with onscreen pedagogi-

cal agents in which “pedagogical agents as learning companions (PALs)

… might provide an opportunity to simulate … social interaction in

computer‐based learning.” For example, girls may see a female

onscreen pedagogical agent as a role model who influences their

motivation to exert effort to learn (Rosenberg‐Kima et al., 2010).

The matching hypothesis is also inspired by and consistent with

similarity‐attraction theory (Bryne, 1971) and social identity theory

(Tajfel, 1982), which posit that people are attracted to, identity with,

and seek to affiliate with others who appear to be similar to them. In

short, “people are more attracted to others who match their personal-

ity and other human characteristics than those who mismatch”

(R. Moreno & Flowerday, 2006, p. 190). A core idea is that “when

two individuals share certain attributes, such as demographic

characteristics … communication between them is more likely to be

effective” (Qiu & Benbasat, 2010, p. 673). In short, Ozogul, Johnson,

Atkinson, and Reisslein (2013, p. 38) have shown how the similarity

attraction hypothesis applies to learning with pedagogical agents:

“The similarity‐attraction hypothesis in the context of learning with

animated pedagogical agents would predict increased learning and

more positive perceptions the greater the similarity between the

learner and the agent.”

2 | METHOD

2.1 | Participants

The sample consisted of 66 seventh‐ (33) and eighth‐ (33) grade stu-

dents (33 males and 33 females), between the ages of 13 and 16

who were in a classroom setting at a science camp. Students had been

selected by their teachers to take part in the science camp based on

their interest in natural sciences. A total of 23 students reported that

they had never used immersive VR before, 36 said that they had used

it but for less than 2 hr, and seven said that they had used immersive

VR for more than 2 hr. There were no significant differences on any of

the dependent variables based on previous VR use.

2.2 | Procedure

The study took place during two 1‐week‐long science camps, where

students participated in different mandatory workshops, one of which

was the VR workshop. The sessions in the two different camps

followed the same set‐up: ID numbers were randomized and distrib-

uted to students as they arrived. Prior to playing the simulations, all

students were given the pretest in a lecture hall, followed by a

5‐min oral introduction on how to use the VR headsets and how to

navigate in the VR lab. A total of 21 Samsung Gear VR headsets with

matching phones had been set up, so each participant only had one

version of the simulation. Students were randomly assigned to one

of the two conditions: Marie (17 boys, 16 girls) or the drone (16 boys,

17 girls). They played the VR simulations individually, and nine to 12

students participated at the time. Immediately after finishing the

simulation, students' score from the simulation was recorded, and they

were given the posttest.

2.3 | Materials

2.3.1 | VR simulations

The simulations were built in collaboration with the EdTech company

Labster. The experience was optimized for immersive VR, so players

could use the full potential of the virtual space that featured circular

workbenches. Also, the likelihood of motion sickness was reduced by

high frame rates and by excluding tracking camera movements. The

simulations' content was kept identical across conditions, with the main

learning objective being laboratory safety. Four types of knowledge

based on Mayer's (2008) knowledge taxonomy were the target by the

simulations including facts (e.g., the definition of important hazard sym-

bols in the lab), concepts (e.g., it may be dangerous to wear contact

lenses because chemicals may get trapped behind them), procedures

(e.g., the step‐by‐step process of what you should do in case of a simple

spill of a corrosive chemical), and beliefs (e.g., building self‐efficacy by

providing positive feedback after successfully completing a task).

There were three types of activities in the VR simulations. The first

activity was receiving information relevant for completing the tasks

from the pedagogical agent. Written information and illustrations were

also provided on a LabPad (a type of virtual tablet) that students used to

read about theory and see visualizations, pictures, and assignments.

The second type of activity was to perform tasks in the virtual

environment. Tasks included removing inappropriate items from the

lab, dealing with acid spills, and identifying hazardous situations (as

exemplified in the top of Figure 2). The third type of activity was

answering multiple‐choice questions regarding lab safety (as exempli-

fied in the bottom of Figure 2). The simulations used multiple choice

questions with explanatory feedback as a way of priming appropriate

metacognitive processing during learning (Makransky, Thisgaard, &

Gadegaard, 2016; Mayer, 2016) based on literature that has shown

the benefits of retrieval practice (e.g., Adescope, Trevisan, &

Sundararajan, 2017).

2.3.2 | Pedagogical agents

The two pedagogical agents had the role of guiding the students

through the lab by giving instructions, explaining theoretical concepts,

and asking questions. This is in line with the modality and guided

activity principles of instructional design (Mayer, 2014). Both embod-

ied agents follow the player through the experience and display similar

types of behaviour, body movements, and facial expressions. The

agents use lip‐sync approximation to match the voiced text. In the

case of the drone, the “lip” consists of a blue ring around its eye (as

shown in Figure 1). Additionally, both agents exhibit microexpressions

when resting, such as eye and head movements to add an additional

layer of realism, which was found to positively affect learning

outcomes (Baylor, 2004). All pedagogical agents used the same

modern text‐to‐speech voice (NeoSpeech).
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2.3.3 | Measures

Pretest

The pretest questionnaire contained demographic questions

concerning gender and grade, an item asking about prior immersive

VR experience, and a knowledge test. The latter assessed students'

knowledge about lab safety with 12 multiple‐choice questions with

four response options (e.g., “What should you always do before

getting rid of a strong acid?” A) Neutralize it, B) Get your supervisor,

C) Dilute it with water, D) Open a window).

Performance score in the simulation

There were 11 multiple‐choice question within the VR simulations.

Each question had four possible answers, one of which was correct.

The pedagogical agent provided short explanatory feedback when a

question was answered correctly. If a student answered a question

incorrectly, they were asked to try again. The four response options

were shuffled randomly to ensure that students would not just select

a new option without engaging in the content when answering

incorrectly. Students were only able to proceed to the next step in

the simulation once they got the answer correct. Students received

5 points for a correct answer on the first try and got a reduction of

1 point for each additional attempt until the value was 0. Student's

performance in the VR simulation was calculated by adding up their

score on the 11 items.

Posttest

The posttest included a scale assessing social presence, a knowledge

test, and a transfer test. An adaptation of the social presence

subdimension from the Multidimensional Presence Scale (Makransky,

Lilleholt, & Aaby, 2017) was used to assess social presence. The scale

consists of five items (e.g., “I had a sense that I was interacting with

others in the virtual environment, rather than a computer simulation.”)

on a 5‐point Likert scale. The knowledge test consisted of the same

FIGURE 2 Screen shots from different types of activities in the virtual lab. Top: Oral instructions given by the agent, while the user is performing
a task. Bottom: The LabPad is emphasized to answer quiz‐questions, read the theory, or look at images [Colour figure can be viewed at
wileyonlinelibrary.com]
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items as in the pretest. The transfer test consisted of three open‐

ended questions: “1) What should you do, if you spill chemicals on

the floor?” “2) What should you do, if you spill chemicals on yourself

or in your eyes?” “3) What should you do if a person catches fire?”

The transfer questions were blind‐marked by a lab safety expert based

on a predefined scoring key. Students could get up to 3 points for

Question 1, and 4 points for Questions 2 and 3 due to their higher

level of complexity.

2.4 | Apparatus

The VR simulations were administered on Samsung Galaxy S7 or S8

phones and stereoscopically displayed through a Samsung Gear VR

HMD. The touch pad on the right side of the HMD is used to emulate

the left‐click function of a computer mouse. In order to interact with

elements in the virtual learning environment, they are selected with

the centred dot cursor inside the simulation. The HMD features

rotational tracking, but no positional tracking of the player. Hence,

head movement is used to change the participant's field of view and

dynamically render the 360° virtual space. Clicking on workbenches

and holograms with the cursor then moves the player's physical posi-

tion. The pretest and posttest were taken on students' own computers

or smart pads through a SurveyMonkey internet link.

3 | RESULTS

3.1 | Do the groups differ on basic characteristics?

A preliminary question concerns whether the groups differ on their

pre‐existing knowledge of lab safety. A 2 × 2 analysis of variance with

type of agent and gender as factors showed that the mean pretest

knowledge score of the drone group (M = 6.88, SD = 2.53) did not dif-

fer significantly from the mean pretest knowledge score of the Marie

group (M = 7.88, SD = 1.60), F (1, 62) = 3.536, p = 0.311; the mean

pretest knowledge score of girls (M = 7.56, SD = 1.87) did not differ

significantly from the mean pretest knowledge score of boys

(M = 7.18, SD = 2.43), F (1, 62) = 0.622, p = 0.575; and there was no

significant interaction between type of agent and gender, F (1,

62) = 1.062, p = 0.307. We conclude that the groups did not differ

on their knowledge of lab safety before the start of the experiment.

3.2 | Do girls and boys benefit from different kinds
of onscreen agents?

The primary goal of the study is to determine whether girls and boys

learn better in an immersive VR science simulation with different kinds

of onscreen agents. First, concerning performance during learning, we

explore whether girls perform better during learning with Marie and

boys perform better during learning with a drone (Hypothesis 1) as

predicted by the matching hypothesis. The first line of Table 1 shows

the mean learning performance score (and standard deviation) of the

four groups. A 2 × 2 ANOVA was conducted with type of agent and

gender as the factors and learning performance score as the depen-

dent variable. Overall, the mean learning performance score of

students who learned with Marie (M = 47.59, SD = 4.16) did not differ

significantly from the mean learning performance score of students

who learned with the drone (M = 46.11, SD = 5.34), F (1,

62) = 0.208, p = 0.728; and the mean learning performance score for

girls (M = 45.98, SD = 5.27) did not differ significantly from the mean

learning performance score for boys (M = 47.71, SD = 4.21), F (1,

62) = 0.287, p = 0.687. However, consistent with the predictions of

the matching hypothesis, there was a significant interaction between

type of pedagogical agent and gender, F (1, 62) = 8.045, p = 0.006,

in which girls performed better during instruction with Marie than

with the drone (d = 0.98) whereas boys performed better during

instruction with the drone than with Marie (d = −0.41). When we

included pretest knowledge score as a covariate, an ANCOVA yielded

the same pattern of results, including a significant interaction, F (1,

61) = 7.280, p = 0.009. This pattern of results confirms Hypothesis 1.

Next, concerning learning of the presented information, we

explore whether girls learn better with Marie and boys learn better

with a drone (Hypothesis 2) as predicted by the matching hypothesis.

The second line of Table 1 shows the mean posttest knowledge score

(and standard deviation) of the four groups. A 2 × 2 ANOVA was con-

ducted with type of agent and gender as the factors and posttest

knowledge score as the dependent variable. Overall, the mean posttest

knowledge score of students who learned with Marie (M = 9.36,

SD = 1.22) did not differ significantly from the mean posttest knowl-

edge score of students who learned with the drone (M = 9.24,

SD = 1.32), F (1, 62) = 0.30, p = 0.890; and the mean posttest knowl-

edge score for girls (M = 9.27, SD = 1.26) did not differ significantly

from themean posttest knowledge score for boys (M = 9.33, SD = 1.29),

F (1, 62) = 0.007, p = 0.947. However, consistent with the predictions

of the matching hypothesis, there was a significant interaction between

type of agent and gender, F (1, 62) = 5.011, p = 0.029, in which girls

TABLE 1 Table of the results from the two groups (drone/Marie) by two (female/male) ANOVAs

Scale

Females Males Significance

Drone M (SD) Marie M (SD) DroneM (SD) Marie Condition p Gender p Interaction p

Performance 43.76 (5.67) 48.34 (3.65) 48.56 (3.69) 46.88 (4.59) 0.728 0.687 0.006

Knowledge 8.88 (1.17) 9.69 (1.25) 9.63 (1.41) 9.06 (1.14) 0.890 0.947 0.029

Transfer 4.50 (1.26) 5.56 (1.01) 3.84 (1.43) 3.56 (1.00) 0.667 0.299 0.025

Social presence 3.16 (0.73) 3.06 (0.48) 2.70 (0.72) 3.24 (0.69) 0.620 0.727 0.056
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learned better with Marie than with the drone (d = 0.67) whereas boys

learned better with the drone than with Marie (d = −0.45). When we

included pretest knowledge score as a covariate, an ANCOVA yielded

the same pattern of results, including a significant interaction, F (1,

61) = 4.312, p = 0.042. This pattern of results confirms Hypothesis 2.

Third, concerning ability to apply the presented information to

solve new problems in a transfer test, we explore whether girls per-

form better on the transfer test if they learned with Marie and boys

show better transfer if they learned with a drone (Hypothesis 3) as

predicted by the matching hypothesis. The third line of Table 1 shows

the mean transfer score (and standard deviation) of the four groups. A

2 × 2 ANOVA was conducted with type of agent and gender as the

factors, and transfer score as the dependent variable. Overall, the

mean transfer score of students who learned with Marie (M = 4.53,

SD = 1.42) did not differ significantly from the mean transfer score

of students who learned with the drone (M = 4.18, SD = 1.37), F (1,

62) = 0.333, p = 0.667; and the transfer score for girls (M = 5.01,

SD = 1.25) did not differ significantly from the mean transfer score

for boys (M = 3.70, SD = 1.22), F (1, 62) = 3.90, p = 0.299. However,

consistent with the predictions of the matching hypothesis, there

was a significant interaction between type of agent and gender, F (1,

62) = 5.287, p = 0.025, in which girls transferred better with Marie

than with the drone (d = 1.03) whereas boys transferred better with

the drone than with Marie (d = −0.23). When we included pretest

knowledge score as a covariate, an ANCOVA yielded the same pattern

of results, including a significant interaction, F (1, 61) = 4.126,

p = 0.047. This pattern of results confirms Hypothesis 3.

Overall, girls performed better on tasks during learning and

demonstrated better learning outcomes in terms of knowledge and

transfer test scores if they learned with Marie rather than with the

drone, and boys show the opposite pattern. These three interactions

constitute the major findings of this experiment.

3.3 | Do girls and boys differ on their experience of
social presence from different kinds of onscreen
agents?

Finally, we examined whether girls and boys differed in the degree to

which they reported a feeling of social presence for Marie versus the

drone. The fourth line of Table 1 shows the mean social presence rat-

ing (and standard deviation) of the four groups. A 2 × 2 ANOVA was

conducted with type of agent and gender as the factors, and social

presence rating as the dependent variable. Overall, the mean social

presence rating of students who learned with Marie (M = 3.15,

SD = 0.59) did not differ significantly from the mean social presence

rating of students who learned with the drone (M = 2.94, SD = 0.75),

F (1, 62) = 0.462, p = 0.620; and the mean social presence rating for

girls (M = 3.12, SD = 0.61) did not differ significantly from the mean

social presence rating for boys (M = 2.98, SD = 0.75), F (1,

62) = 0.21, p = 0.727. However, there was a marginally significant

interaction between type of agent and gender, F (1, 62) = 3.793,

p = 0.056, in which girls rated the two agents equivalently

(d = −0.17) whereas boys gave higher social presence ratings for Marie

than for the drone (d = 0.76).

4 | DISCUSSION

4.1 | Empirical contributions

In contrast to previous research on gender matching (Hoogerheide

et al., 2016; Hoogerheide et al., 2018; R. Moreno & Flowerday, 2006;

Ozogul et al., 2013), in the present study, girls and boys learned better

with different kinds of onscreen agents across three different measures

of learning. Specifically, on learning performance, on a knowledge post-

test, and on a transfer posttest, there was an interaction in which girls

obtained higher scores with Marie as the pedagogical agent and boys

learned better with a drone as the pedagogical agent. Some key differ-

ences between prior studies and the present one are that the present

study involved learning in immersive VR, which may have made the

pedagogical agents more salient, and that we compared learning with

Marie (intended for girls) versus the drone (intended for boys).

The results related to social presence suggest that boys reported

higher social presence with Marie than the drone, whereas there

was no difference for girls. The fact that boys had higher social pres-

ence with Marie but learned less with her suggests that they payed

less attention to the learning material in her presence. There are sev-

eral examples of studies that have investigated learning and presence

in immersive VR that suggest that higher presence does not necessar-

ily lead to more learning (e.g., Makransky, Terkildsen, et al., 2017; R.

Moreno & Mayer, 2002; Parong & Mayer, 2018). It is possible that

the role of presence in developing learning is not simple but depends

on a number of other variables and instructional design features. Pres-

ence can facilitate learning through positive affective outcomes, such

as enjoyment and motivation, to the extent that instructional design

elicits and promotes appraisal and intrinsic value of the educational

content (Pekrun, 2006; Plass & Kaplan, 2016).

On the other hand, presence may be a factor in lowering learning

outcomes by inhibiting reflective thinking, as learners could become

completely engrossed in the social interactions and the virtual environ-

ment to the point where they do not reflectively make sense of the

material (i.e., engage in generative processing). In the given context, it

is possible that by focusing on the embodied characteristics of Marie,

boys experienced greater social presence but focused less on the learn-

ing material, which then lead to lower performance, learning, and trans-

fer. Thus, Marie's characteristics may have drawn the boys' attention

away from the learning material. This is consistent with the coherence

principle (Mayer & Fiorella, 2014) of multimedia learning, which has

been identified as being important forVRenvironments in previous liter-

ature (Makransky, Terkildsen, et al., 2017; R. Moreno &Mayer, 2002).

Overall, these results tie back to and contribute to the existing lit-

erature by showing that gender matching can be an effective instruc-

tional design strategy when the pedagogical agent for boys is designed

specifically to be appealing to boys and the pedagogical agent for girls

is designed specifically to be similar to and appealing to girls.

4.2 | Theoretical implications

The findings support the gender matching hypothesis, the similarity

attraction theory (Bryne, 1971; Tajfel, 1982), and the model‐observer
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similarity hypothesis (Bandura, 2001; Schunk, 1987) from which it is

derived. Consistent with the similarity attraction theory, people learn

better when they perceive the instructor—in this case, the onscreen

pedagogical agent—as similar to them (such as sharing important char-

acteristics related to gender for girls and boys). In the realm of online

multimedia learning, the results help extend social agency theory

(Mayer, 2014) by demonstrating that having an onscreen pedagogical

agent that the learner can identify with may serve as a social cue that

motivates the learner to exert more effort to understand the material.

Social agency theory holds that aspects of the instructor—such as the

instructor's appearance, gesture, voice, and conversational style—can

serve as social cues that trigger a social response in the learner in

which the learner sees the instructor as a social partner who is work-

ing with the learner. This causes the learner to exert more effort to

make sense of the incoming information, and therefore build meaning-

ful learning outcomes that better support transfer test performance.

4.3 | Practical implications

The most important practical implication of this study is that instruc-

tional designers should consider how to prime the learner's sense of

social identification with the onscreen pedagogical agent while learn-

ing in immersive VR. In particular, female learners may better identify

with one kind of pedagogical agent, whereas male learners may better

identify with a different kind of pedagogical agent. Although more

research is needed to pinpoint which features of pedagogical agents

boost the social response of female and male learners, respectively,

the present study suggests that girls identify better with a young

woman in a white lab coat in a science lab whereas boys identify

better with a flying, robotic entity.

In short, this work suggests that designers should consider build-

ing some pedagogical agents specifically for boys and others specifi-

cally for girls. Agents for boys should be easy to identify with for

boys, whereas agents for girls should be easy to identify with for girls.

The finding that higher presence did not necessarily lead to higher

learning when seen across gender and conditions suggests that the

relationship between presence and learning outcomes is complicated

when learning in immersive VR. The practical implications of these

findings are that it is important to appropriately design instructional

material for immersive VR, where the affective learning outcome ben-

efits from the high levels of presence afforded by this platform are

maintained, while the media's adverse effects on learning are mini-

mized. Generative learning strategies, such as learning by teaching or

summarizing, have been advocated and shown to facilitate learning

by encouraging learners to select, organize, and integrate the essential

information by putting it into their own words, thereby fostering

reflective knowledge building (i.e., generative processing; Fiorella &

Mayer, 2016; Parong & Mayer, 2018). Using these strategies with

pedagogical agents in immersive VR could lead to promising learning

and motivational outcomes. An example could be to investigate if it

is possible to design an immersive VR simulation that encourages

social agency and generative learning strategies such as summarizing

or learning by teaching through contextualized interaction with

pedagogical agents as peers.

4.4 | Limitations and future directions

This study involves a single experiment on one topic (i.e., lab safety)

with a low sample size and an immediate posttest. Future research is

needed to determine whether the interactions observed in this study

can be replicated. In addition, studies that involve different context,

larger sample size, and/or delayed posttests are required. It also would

be useful to obtain measures of how well learners identified with (or

perceived similarity with) the onscreen pedagogical agent to better

test the mechanisms proposed to underlie the gender matching

hypothesis. In short, work is needed to determine which features of

a pedagogical agent have a positive impact on boys more than on girls

and which aspects have a positive impact of girls more than on boys.

Furthermore, it would be interesting to investigate whether stu-

dents hold stereotypical views towards the agents, for example, if stu-

dents perceive Marie as less competent because of her gender and if

this perception depends on the students' gender and age. This study

used a young study population of seventh‐ and eighth‐grade students.

A. M. Johnson, DiDonato, et al., (2013) found that students preferred

an agent of the same gender and age, but this effect gets lower as

students get older. Therefore, it is possible that students at this age

may have naïve concepts of science and science teachers. Future

research should investigate how stereotypes towards females

representing an often male‐dominated domain of science labs and

science safety may change with age.

Also, it would be useful to compare students who learned with

onscreen agents as opposed to having no image of an agent on the

screen in immersive VR, as was done in studies involving desktop pre-

sentations (Mayer & DaPra, 2012; Wang, et al., 2018).

The sample in this study was participating in a science camp

where the students had been selected because they were interested

in STEM. Therefore, students were highly engaged in the content of

the simulation and took the experiment very seriously. Future

research should investigate if the results generalize to more traditional

classroom settings. Finally, it would be useful to determine whether

the gender matching hypothesis works the same way in immersive

VR (in which the learner wears a head mounted display and moves

in virtual space) and in desktop VR (in which the learner sits in front

of a computer screen).
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Immersive virtual reality as a competitive training 
strategy for the biopharma industry
Immersive virtual reality simulations tailored to aspiring industry operators in biopharma manufacturing could 
become a cost-effective alternative to real-life training for teaching practical skills.

A highly trained workforce is the 
productive engine of every successful 
biopharma company. However, the 

biopharma sector generally has not adopted 
rapid technological advancements in 
training methods and instead relies largely 
on older approaches1. A traditional training 
approach is to let employees read standard 
operating procedures (SOPs) described in 
lengthy documents, of which the average 
biopharma company has around 1,250  
(ref. 2). Employees often perceive this form 
of training as unnecessary and of little value, 
and therefore fail to comply with regulations, 
which may lead to increased occurrences 
of costly errors3. Not surprisingly, 25% 
of quality defects in the industry can be 
attributed to human error, rendering it the 
main cause of product recalls4.

To avoid these issues, biopharma 
companies resort to real-life, on-the-job 
training. However, this approach is 
resource-intensive and time-consuming, 
as it requires test facilities and experienced 
trainers. Overall, an estimated $7 billion 
is spent by biopharma companies on 
employee training each year5,6. Accordingly, 
the industry needs new, cost-effective and 
engaging training methods for developing 
and maintaining key skills in its workforce.

A promising avenue for cutting costs and 
increasing training efficiency is replacing 
traditional training methods with electronic 
learning (e-learning), educational games 
or virtual reality (VR) simulations7. An 
emerging body of evidence suggests that 
simulator training improves learning 
outcomes in related fields such as medicine 
and science education8–10, supporting 
exploring these technologies for training 
procedures in the biopharma industry.

In medicine, a major focus of simulator 
training has been teaching practical skills to 
prepare for performing surgical procedures. 
Studies show that skills acquired in surgery 
simulators are transferable to a clinical 
setting11–13. However, the simulators are not 
intended to replace real-life training but to 
complement it, so randomized controlled 
trials typically use non-simulator-trained 
professionals as the control group. Thus, 

these studies assess only the benefits of 
adding simulator training on top of real-life 
training, instead of comparing different 
training approaches10,14.

In science education, gamified laboratory 
simulators are used to teach high school 
and university students in natural sciences. 
For this user group, studies show that 
desktop-based simulations lead to learning 
outcomes that are better than or equal to 
those of traditional teaching methods15,16. 
Some studies also investigated safety 
training, including laboratory safety, 
suggesting that simulation-based training 
can lead to positive behavioral changes in 
emergency situations17–19.

However, none of the reviewed science 
education studies investigated the use of 
laboratory simulators as a replacement for 
real-life laboratory training or systematically 
assessed skills performance after training, 
as is done for surgery training. A possible 
explanation is that these educational games 
have been perceived as supplements to 
theoretical teaching methods because 
they originated as e-learning versions of 
presentations and textbooks20.

E-learning has progressed to more 
immersive VR technologies with 
head-mounted displays that may boost 
training effectiveness. Instructional 
designers propose that the increased 
realism and immersion experienced in VR 
environments may positively affect learning 
outcomes21. Some evidence indicates that 
VR is particularly suited for teaching 
psychomotor skills22,23. Also, acting out steps 
from a VR simulation improves knowledge 
of the procedure — the key to passing a 
compliance test24. However, the positive 
effects of the technology on training are still 
unclear, with randomized trials conducted 
using educational games in VR only starting 
to emerge21,25.

Here, we adapted VR training to teach 
procedures in biopharma manufacturing. 
To correctly execute tasks in this line of 
work, employees must be able to integrate 
theoretical knowledge about specific 
regulations with practical laboratory skills. 
On the basis of these requirements, in 

collaboration with the biopharma industry, 
we created a state-of-the-art, immersive VR 
simulation that merges the capabilities of 
surgery training with educational games. 
Like established simulators in medicine, 
this new genre of simulator training focused 
on conveying practical skills. However, 
the simulation also integrated underlying 
theoretical concepts into the narrative. It 
also included gaming elements such as 
scorekeeping and interactions with fictional 
characters similarly to educational games15.

We investigated the extent to which 
this type of VR simulation can replace 
traditional professional training methods 
in the biopharma industry by measuring 
practical skills performance and theoretical 
knowledge of study participants after 
training (Supplementary Methods).

Results
Study overview. To ensure the most direct 
relevance to the biopharma industry, we 
designed the study to be conducted with 
industry operator trainees, as opposed 
to previous studies that have been biased 
toward university student populations26,27. 
Before entering the workforce in 
pharmaceutical manufacturing, aspiring 
industry operators are trained in measuring 
techniques (metrology) at production 
schools for vocational education28. The 
specific training content for the study 
was developed in collaboration with a 
large multinational biopharma company 
according to its operating procedures. 
The training focused on conducting 
and documenting a pH calibration and 
adjustment. This topic was chosen for its 
relevance to a large number of employees in 
biopharma manufacturing.

Study participants were randomly 
assigned to one of three training conditions. 
In the first condition, participants read 
a 20-page SOP on pH calibration and 
adjustment — an established method for 
compliance training in the biopharma 
industry (Fig. 1a). The second condition 
consisted of a first-generation VR simulation 
for compliance training (Fig. 1b) based on 
the SOP and a set of predefined knowledge 
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questions used for evaluating employees 
after training (compliance test). The final 
condition followed the protocol of the VR 
simulation, but with real-life training in 
an on-the-job laboratory setting. In this 
training, two participants at a time were 
trained simultaneously by an experienced 
industry operator (Fig. 1c).

Before the training, participants filled 
out a pre-test questionnaire to determine 
their demographics and evaluate their 
backgrounds including expertise in pH 
calibration. Immediately after the training, 
participants took a post-test questionnaire 
of the compliance test plus items about 
perceived learning, self-efficacy, enjoyment 
and invested mental effort, to measure 
the learning experience (Supplementary 
Table 1). On the next day, participants’ 
practical skills were individually assessed 
(Fig. 1). In this assessment, participants 
performed a pH calibration and adjustment 
with real equipment using skills learned 
in their training while a metrology expert 
assigned scores indicating which tasks 
participants performed correctly according 
to regulations.

Improving compliance and practical lab 
performance. The primary objective of  
the study was to investigate the extent to 

which VR simulations can replace  
the traditional biopharma industry  
training methods of SOP reading  
and real-life training (Fig. 2a,b).

Currently our company collaborator 
assesses compliance of operators after 
traditional training using a post-test 
questionnaire with 15 multiple choice 
questions. The questions we used were 
developed by the company to test their 
employees’ theoretical knowledge about  
the regulations and procedures. We 
investigated how the different training 
methods affected the trainees’ ability to  
pass this standardized test.

The post-test knowledge scores  
differed significantly between conditions 
(F2,62 = 17.84, P < 0.001). Higher scores 
were achieved in the VR condition than in 
the SOP condition (t41 = 5.28, P < 0.001), 
and VR training did not differ significantly 
from real-life training (t41 = 0.76, P = 0.45). 
The theoretical knowledge gained from VR 
training was 39% higher than from reading 
the SOP and equal to knowledge gained 
from real-life training. Thus, we conclude 
that the VR simulation was equally capable 
of preparing operators for the standardized 
compliance test compared to working with 
a real trainer and significantly better than 
reading the SOP.

In addition to passing a theoretical test, 
employees must be able to apply learnings 
from their training to an on-the-job setting. 
This skill is particularly relevant with 
the US Food and Drug Administration’s 
announcement to “shift their inspection 
focus to [practical] performance and away 
from compliance”29. Hence, we developed 
an additional test assessing participants’ 
practical skills on the basis of the steps 
presented in the training material. The 
test consisted of 21 tasks that participants 
individually and independently performed 
with real equipment on the testing day. The 
number of correctly executed tasks in the 
skills test, as assessed by a metrology expert, 
differed significantly among conditions  
(F2,57 = 15.80, P < 0.001). Higher scores were 
achieved with the VR condition compared 
to reading the SOP (t38 = 3.14, P = 0.003), 
while lower scores were achieved with the 
VR condition compared to real-life training 
(t39 = –2.32, P = 0.026). Participants trained 
in VR performed 41% better on the skills 
test than participants who read the SOP and 
21% worse than participants who received 
real-life training. Thus, for preparing 
operators to perform practical tasks on the 
job, VR training was substantially more 
effective than reading the SOP albeit not  
on par with real-life training.

Pre-test

SOP reading VR simulation Real-life training

Post-test

Skills test

Training day

Testing day

a b c

Fig. 1 | Flow chart of study setup. On training days, study participants filled out a pre-test questionnaire before being randomly assigned to one of three 
training groups: a, standard operating procedure (SOP) reading, b, virtual reality (Vr) simulation or c, real-life training. Immediately after the training, 
participants were assessed with a post-test questionnaire, followed by a practical skills test on the next day (testing day).
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Self-reported indicators of training 
efficiency. A large body of evidence 
suggests that learning is influenced by 
factors such as motivation, engagement, 
self-efficacy and previous experience30. 
Hence, in addition to directly measuring 
learning outcomes, we included 
self-reported, indirect measures of 
performance and subjective experience 
in the pre- and post-tests. We observed 
significant differences in perceived 
learning (F2,62 = 13.01, P < 0.001), 
self-efficacy (F2,62 = 18.64, P < 0.001), 
mental effort (F2,62 = 9.74, P < 0.001) 
and enjoyment (F2,62 = 51.11, P < 0.001) 
between conditions (Figs. 2 and 3).

In line with the theoretical knowledge 
score, participants in the VR condition had 
the same perception of how much they 
learned as participants who received real-life 

training (t41 = –1.03, P = 0.308). Similarly, 
participants in the VR condition reported 
higher perceived learning compared to those 
who read the SOP (t41 = 3.59, P < 0.001). 
Also in line with the practical skills test, 
when asked about self-efficacy, participants 
trained in VR were less confident about their 
ability to perform a pH calibration in the 
lab, use the logbook correctly and remember 
the protocol step by step compared to 
participants with real-life training  
(t41 = –2.52, P = 0.016). Again, compared  
to the SOP condition, participants who were 
trained in VR reported higher self-efficacy 
(t41 = 3.68, P < 0.001). Thus, these indirect 
performance metrics supported the findings 
of the direct performance metrics, with 
perceived learning as a proxy for theoretical 
knowledge and self-efficacy for practical 
skills (Fig. 2c,d).

Enjoyment and mental effort.  
To determine participants’ engagement with 
the training material, we asked four questions 
about how much they enjoyed their training 
experience31. Participants in the VR condition 
enjoyed their training as much as participants 
who received real-life training (t41 = –0.39, 
P = 0.695) and more than participants 
who read the SOP (t41 = 7.84, P < 0.001). 
This result confirmed anecdotal evidence 
that employees perceive reading an SOP as 
unnecessary and of little value (Fig. 3a)3.

Finally, we were interested in how 
mentally draining the different interventions 
were. We expected many trainees would  
be new to VR and thus have to make an 
extra effort to learn in this environment.  
As per our hypothesis, participants in the 
VR condition reported that they invested 
more mental effort than participants who 
received real-life training (t41 = 2.09,  
P = 0.043). However, participants in the 
VR condition invested lower mental effort 
than those who read the SOP (t41 = –2.27, 
P = 0.03). This result suggests that the 
real-life training was the most effortless 
learning method for the pharmaceutical 
manufacturing tasks, followed by VR and 
then SOP reading (Fig. 3b).

Discussion
We created a VR environment for 
biopharma employee training that combines 
elements of surgery simulator training with 
educational games. In contrast to common 
practice in medicine and science education, 
our intent was not to supplement traditional 
training, including real-life training, but 
completely replace it with a VR option. 
Instead of conducting this study with 
populations with higher education, such as 
university students, surgeons and executives, 
our study was also innovative in developing 
VR training for biopharma manufacturing 
jobs that typically employ people with 
vocational or technical school degrees.

An accepted training practice in many 
biopharma companies is giving new 
employees an SOP to read and expecting 
them to pass a theoretical compliance 
test29. For this study, we collaborated with 
a biopharma company to use one of their 
SOPs and corresponding post-tests to closely 
mimic actual employee training and testing. 
Our study found that, of three training 
conditions, reading an SOP was the least 
efficient, least enjoyable and most mentally 
draining method for acquiring theoretical 
knowledge. Hence, for passing a standardized 
compliance test, VR was the most competitive 
training method because it was as efficient 
and engaging as real-life training.

However, this system of training and 
assessment does not guarantee a highly 
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training; ***P < 0.001, **P < 0.01, *P < 0.05; ns, P > 0.05. Error bars depict s.e.m.
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qualified workforce. Trainees gain only 
the knowledge needed to pass the test and 
not other competencies required for their 
job. In addition to knowing regulations on 
a theoretical level, biopharma employees 
must have on-the-job practical skills that 
are difficult to learn from reading an SOP. 
We found that our VR simulation was 
79% as effective as real-life training for 
transferring practical skills to trainees. We 
propose that the VR simulation is therefore 
a cost-effective alternative to real-life 
training because it does not require highly 
experienced trainers or test facilities that 
are not always readily available. Compared 
to real-life training, the VR simulation is 
more standardized, with all trainees exposed 
to exactly the same, thoroughly evaluated 
content. This approach fits the highly 
regulated biopharma sector, where a focus on 
consistent quality helps prevent costly errors.

In initial implementations, VR training 
could be supplemented with real-life training 
on specific equipment and procedures, 
depending on the trainee’s individual needs. 
However, further research in this area will 
enable instructional designers to better 
tailor training content to this medium. 
Accordingly, the next generation of VR 
simulations is expected to be much more 
effective than the prototype presented in 
this study. In our study, 83% of trainees in 
the VR condition had never tried VR before, 
which explains their higher invested mental 
effort. Once trainees become used to training 
in VR environments, performance is likely 
to improve. Finally, with haptic feedback 
and hand-tracking devices becoming 

commercially available, the boundaries 
between VR and real life continue to dissolve. 
Accordingly, it is conceivable that VR training 
will eventually be able to fully replace real-life 
training in the biopharma industry. ❐

Philip Wismer1, Ainara Lopez Cordoba2, 
Sarune Baceviciute3, Frederik Clauson-Kaas2 
and Morten Otto Alexander Sommer1 ✉
1Novo Nordisk Foundation Center for 
Biosustainability, Technical University of Denmark, 
Lyngby, Denmark. 2R&D Department, Labster ApS, 
Copenhagen, Denmark. 3Department of Psychology, 
University of Copenhagen, Copenhagen, Denmark.  
✉e-mail: msom@biosustain.dtu.dk

Published online: 11 January 2021 
https://doi.org/10.1038/s41587-020-00784-5

References
 1. Pai, D. R., Kamath, K., Subramanyam, E. V. S. & Shabaraya, A. R. 

Int. J. Pharm. Qual. Assur. 7, 55–61 (2016).
 2. Bhattachary, J. J. Pharm. 5, 29–36 (2015).
 3. Gundersen, L. E. Nat. Biotechnol. 19, 1187–1188 (2001).
 4. McGee, A. Reducing human error rates in pharmaceutical 

facilities. https://www.engineersireland.ie/Engineers-Journal/
News/reducing-human-error-rates-in-pharmaceutical-facilities 
(2013).

 5. Fayad, A. How much does it really cost to train an employee?  
https://elmlearning.com/how-much-does-employee-training- 
really-cost/ (2015).

 6. Mikulic, M. 2019 ranking of the global top 10 biotech and 
pharmaceutical companies based on employee number.  
https://www.statista.com/statistics/448573/top-global-biotech- 
and-pharmaceutical-companies-employee-number/ (2019).

 7. Ballu, A. et al. Procedia CIRP 43, 148–153 (2016).
 8. Smetana, L. K. & Bell, R. L. Int. J. Sci. Educ. 34, 1337–1370 (2012).
 9. Rutten, N., Van Joolingen, W. R. & Van Der Veen, J. T. Comput. 

Educ. 58, 136–153 (2012).
 10. Seymour, N. E. World J. Surg. 32, 182–188 (2008).
 11. Seymour, N. E. et al. Ann. Surg. 236, 458–464 (2002).
 12. Matzke, J., Ziegler, C., Martin, K., Crawford, S. & Sutton, E.  

J. Surg. Res. 211, 191–195 (2017).
 13. Gallagher, A. G. & Cates, C. U. Lancet 364, 1538–1540 (2004).

 14. Dawe, S. R. et al. Ann. Surg. 259, 236–248 (2014).
 15. Bonde, M. T. et al. Nat. Biotechnol. 32, 694–697 (2014).
 16. Makransky, G., Thisgaard, M. W. & Gadegaard, H. PLoS One 

https://doi.org/10.1371/journal.pone.0155895 (2016).
 17. Li, C., Liang, W., Quigley, C., Zhao, Y. & Yu, L. F. IEEE Trans. Vis. 

Comput. Graph. 23, 1275–1284 (2017).
 18. Makransky, G., Borre-Gude, S. & Mayer, R. E. J. Comput. Assist. 

Learn. 35, 691–707 (2019).
 19. Chittaro, L. & Buttussi, F. IEEE Trans. Vis. Comput. Graph. 21, 

529–538 (2015).
 20. Mayer, R. E. The Cambridge Handbook of Multimedia Learning 

(Cambridge Univ. Press, 2014).
 21. Johnson-Glenberg, M. C. in Learning in a Digital World: 

Perspective on Interactive Technologies for Formal and Informal 
Education (eds. Díaz, P. et al.) 83–112 (Springer Singapore, 2019); 
https://doi.org/10.1007/978-981-13-8265-9_5

 22. Hooper, J. et al. J. Arthroplasty 34, 2278–2283 (2019).
 23. Jensen, L. & Konradsen, F. Educ. Inf. Technol. 23,  

1515–1529 (2018).
 24. Andreasen, N. K., Baceviciute, S., Pande, P. & Makransky, G. in 

26th IEEE Conference on Virtual Reality and 3D User Interfaces, 
VR 2019 – Proceedings 840–841 (IEEE, 2019).

 25. Makransky, G., Terkildsen, T. S. & Mayer, R. E. Learn. Instr. 60, 
225–236 (2019).

 26. Arnett, J. J. Am. Psychol. 63, 602–614 (2008).
 27. Hanel, P. H. P. & Vione, K. C. PLoS One https://doi.org/10.1371/

journal.pone.0168354 (2016).
 28. Association of Production Schools. The Danish production 

schools – an introduction. http://www.psf.nu/images/charter/
international_engelsk.pdf.

 29. Bringslimark, V. Moving Beyond “Read and Understand” SOP 
Training (Parenteral Drug Association, 2015).

 30. Nakic, J., Granic, A. & Glavinic, V. J. Educ. Comput. Res. 51, 
459–489 (2015).

 31. Lyons, E. J. et al. Health Psychol. 33, 174–181 (2014).

Acknowledgements
The authors would like to thank our collaborators from 
the biopharma industry, A. Pittelkov, J. Scholl-Fleischer, 
S. Martinussen, J. N. Sørensen and F. Christensen, for 
providing reagents and equipment, co-creating the 
VR simulation and organizing the interventions at the 
production schools. We would like to acknowledge L. Dam 
Pedersen, K. Juul Thomson, M. Nielsen Gravholt and  
M. Lyhne Haslund for inviting us to conduct this study at 
their schools. Acknowledgements also to our metrology 
experts N. Vad Eiberg, H. Graulund and T. Bolt Botnen for 
training students in real life and assessing their practical 
skills. Great thanks to M. Mouritz Marfelt for initiating and 
negotiating the collaboration with the biopharma industry. 
Our thanks also go to S. Stauffer, A. Mortensen and  
E. Durand, who helped with instructing participants on 
how to use the VR headsets on the training days. We would 
like to acknowledge D. Franke, S. Tjong, H. Hansen and  
N. Dewa for their relentless effort creating the VR simulation. 
Finally, our thanks go to C. Tachibana for copyediting. 
The study was funded by Innovation Fund Denmark, 
large-scale project 5150-00033, SIPROS. M.O.A.S. further 
acknowledges funding from the Novo Nordisk Foundation 
under NFF grant number NNF10CC1016517.

Author contributions
P.W. designed the study, managed the project and 
analyzed the data. F.C.-K. designed the VR simulation and 
coordinated the content collaboration. P.W., S.B, A.L.C. and 
F.C.-K executed the study. P.W., S.B., A.L.C. and M.O.A.S. 
wrote the manuscript.

Competing interests
A.L.C. and F.C.-K. are employees of Labster ApS. P.W. 
and S.B. received funding from a joint grant between the 
University of Copenhagen, the Technical University of 
Denmark and Labster ApS, where they were formerly 
employed. P.W, A.L.C. and F.C.-K. hold warrants in Labster 
ApS according to the length of their employment.

Additional information
Supplementary information is available for this paper at 
https://doi.org/10.1038/s41587-020-00784-5.

a bEnjoyment Mental effort

Se
lf-

re
po

rte
d 

sc
or

e

Se
lf-

re
po

rte
d 

sc
or

e

0 0

2

4

6

15

10

5

SOP reading VR simulation Real-life trainingSOP reading Real-life trainingVR simulation

ns
***

*

*

Fig. 3 | enjoyment and mental effort comparing VR with SoP reading and real-life training.  
a, Participants’ self-reported enjoyment of their training was measured with psychometric questions on 
a five-point Likert scale. b, Participants’ self-reported overall invested mental effort was measured with a 
psychometric question on a nine-grade symmetrical category scale. The metric indicates how mentally 
demanding training in the respective medium was. Statistical analyses were performed using AnOVA, 
followed by independent samples t-tests between Vr and SOP reading and between Vr and real-life 
training; ***P < 0.001, *P < 0.05; ns, P > 0.05. Error bars depict s.e.m.
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Abstract
In this study, we show that virtual reality (VR) behaviometrics can be used for the
assessment of compliance and physical laboratory skills. Drawing on approaches from
machine learning and classical statistics, significant behavioral predictors were deduced
from a logistic regression model that classified students and biopharma company em-
ployees as experts or novices on pH meter handling with 77% accuracy. Specifically, the
game score and number of interactions in VR tasks requiring practical skills were found
to be performance predictors. The study provides biopharma companies and academic
institutions the possibility of assessing performance using an automatic, reliable, and
simple alternative to traditional in-person assessment methods. Integrating the assess-
ment into the training tool renders such laborious post-training assessments unnecessary.

Keywords: virtual reality, biopharma manufacturing, performance assessment, behavio-
metrics
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Introduction

Employees need to be retrained at regular intervals. This is particularly crucial in
industries that are highly regulated and where human error can have costly or life-
threatening consequences, for example in biopharma manufacturing [125, 126]. However,
whether current assessment methods reflect real learning outcomes is a major debate in
professional training [127]. Traditionally, employees in biopharma manufacturing are
assessed post training by a theoretical compliance test. While these tests are widely
accepted in the industry, experts have criticized them for measuring only knowledge
retention and comprehension instead of on-the-job skills [127–129].

Concerned about the effectiveness of conventional types of assessment, the US Food and
Drug Administration announced they will “shift their inspection focus to performance
and away from compliance.” In practice, this means that employees will have to pass a
performance demonstration in which a qualified trainer assesses their on-the-job skills
[128]. However, considering the current frequency of retraining and assessment, conduct-
ing such performance demonstrations would be resource intensive and expensive. We
thus hypothesized that performance demonstrations could be outsourced to virtual real-
ity (VR) as a standardized, inexpensive alternative to in-person assessments. A similar
approach was previously taken in the medical field, where measures of errors, time, and
economy of movements in the VR environment were found to be correlated to surgical
expertise [79].

Indirectly predicting performance has the advantage of not biasing trainees to the as-
sessment. Several studies have shown that predictability of the assessment can lead
to surface learning [130]. For example, when trainees were given questions that were
meant to induce them to take an in-depth analytic approach about text they read (e.g.,
What is the relationship between various subsections?), they counterintuitively showed
shallower learning than those that were not given any reflective questions [131]. Hence,
non-intrusive, “stealth” assessment methods using behavioral patterns are desirable from
a learning standpoint [92].

The COVID-19 pandemic imposed extra burdens on professional training and the edu-
cational system in general. In April 2020, 89.4% of students worldwide were affected by
school and university closures. Although more than 90% of universities from 107 coun-
tries switched to distance learning and teaching, successful tools for remote assessment
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are difficult to apply [132]. Hence, challenges such as academic dishonesty or the evalua-
tion of practical skills in remote setups could be overcome by behavior-based assessments
in digital environments [133].

Many research groups report that behavioral patterns observable from the use of a mouse
or keyboard can vary from individual to individual and with mood or level of attention.
Variation can be so pronounced that mouse usage and keystroke dynamics can be used
for authentication and identification [134, 135], gender recognition, [136] and measuring
emotions, stress and engagement in tutoring contexts [96, 137–139].

Previously, behavioral data was used to predict students’ performances in programming
contexts and on a math test [140–142]. In the latter case, a model that used time spent
on math problems, selection of correct or incorrect answers during game play, or other
behaviors predicted students’ post-test scores. In this study, we extend this approach to
VR training for biopharma manufacturing that is demonstrated to be more effective than
reading standard operating procedures and may be able to replace real-life training [143].
We investigated the feasibility of using behaviometrics recorded in a virtual laboratory
simulation on the topic of pH calibration as a replacement for a compliance test and
alternative to real-life assessment.

Methods

Participants

Participants were 55 pharmaceutical company employees (male: 37, female: 18) of differ-
ent expertise levels (industrial operators, equipment-responsible personnel, and others
such as general managers) and 24 first-year students from two biopharma production
schools (male: 20, female: 4) who were enrolled in a tertiary education program to
become industrial operators. Study participants were recruited by our pharmaceuti-
cal company collaborator from their metrology departments and associated educational
institutions.

Procedure

The VR simulation was a one-hour educational game on how to operate a pH meter
according to standard procedures in pharmaceutical manufacturing [143]. After com-
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pleting the integrated pre-test, participants performed 146 tasks in the VR simulation,
for example flushing the pH meter electrode with water from a wash bottle. The tasks
were interspersed with 17 challenges, distributed throughout the simulation. The chal-
lenges consisted of dialogs related to the task the participant was performing. During a
challenge, participants were presented with four options, only one of which would lead
them to the next step in the simulation. For example, when faced with an erroneous
reading for a pH calibration point, players had to correctly decide to adjust the pH
meter to continue. Throughout the simulation, participants were able to access relevant
theory and instructional information on a virtual tablet.

After playing the VR simulation, the first-year students completed a theoretical compli-
ance test and performed a physical lab demonstration. In the demonstration, practical
laboratory skills were assessed by metrology experts while students individually per-
formed the procedure from the VR simulation with real lab equipment.

Metrics

From the VR simulation logs recorded during gameplay, a total of 340 behavioral pat-
terns (behaviometrics) were extracted. For each of the 146 tasks, the following events
were logged: time stamp, number of interactions with elements of the virtual lab (e.g.,
objects such as the pH meter), number of theory page views, and game score for chal-
lenge tasks. Tasks with no events for any participants (e.g., automated animations) were
excluded from the analysis. The behaviometrics were categorized and summarized into
eight interpretable predictors (Table 4.1).

The lab performance test was 21 checklist items that reflected the steps in the VR
simulation. The experts scored whether participants correctly performed each step. The
compliance test consisted of 15 multiple choice knowledge questions, each with four
answer possibilities and one correct answer.

To label participants as experts or novices in pH meter operation, a preliminary ques-
tionnaire (pre-test) was administered from which prior knowledge, self-perceived prior
knowledge, amount of training and current occupation were combined into an average ex-
pertise score (Supplementary Table 2). All four variables of the pre-test had equal weight
in the expertise score. The pre-test also recorded participants’ protected attributes age
and gender.
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Table 4.1: Behavioral patterns from the VR simulation and self-reported personal
information to predict compliance, physical lab performance and expertise.

Pre-test metrics Description
Expertise Prior knowledge, self-perceived prior knowledge, amount

of training and current occupation combined.
Age Age of the participant (6 categories, 10-year intervals from

10 to >60 years old).
Gender Female or male.

Behaviometrics Description
Practical skill interactions Number of interactions with elements of the virtual lab in

tasks requiring practical laboratory skills.
Practical skill time Time spent in tasks requiring practical laboratory skills.
Challenge score Score obtained in in-game challenges.
Challenge time Time spent in in-game challenges.
Theory lookups Number of times participants accessed the theory pages.
Reading interactions Number of interactions with elements in the virtual lab

while reading text.
Reading time Time spent reading text.
Interaction speed Number of interactions per second.

Post-test metrics Description
Lab performance Correctly executed tasks in the performance

demonstration.
Compliance Correctly answered questions in the theoretical compliance

test.

All metrics apart from age and gender were continuous and normalized. Pre-test metrics were
recorded from an in-game questionnaire, behaviometrics were deduced from user logs, and post-
test metrics were obtained from an online questionnaire and the performance demonstration.
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Statistical modeling

In this study, methodologies from both classical statistics and machine learning were
used: backwards selection and analysis of covariance (ANCOVA) from classical statistics
and regularization, confusion matrices and cross-validation from machine learning.

Univariate linear regression models were employed to correlate specific behaviometrics
to real lab performance and compliance. This approach was chosen over more complex
modeling approaches, for example multiple linear regression, due to the small sample
size and cross-correlations between behaviometrics.

Two models were created to classify participants into expertise levels: a reduced logistic
regression model based on the eight summarized behaviometrics (Table 4.1), and a
regularized logistic regression model based on all available metrics (performance model).
More complex machine learning approaches such as boosted trees and random forests
were tested but they did not improve model performance.

Due to class imbalances, oversampling of expertise groups was applied to increase the
overall model performance and improve the predictive power for the minority class (Sup-
plementary Table 3). A combination of backwards selection and ANCOVA was used to
manually select independent metrics for the reduced logistic regression model (see Re-
sults). Elastic-net regularization parameters for the performance model were deduced
from a 3-fold, 10x repeated (nested) cross-validation.

All analyses were performed in the R software environment.

Results

Correlating in-game behaviors to compliance and physical lab

performance

In this study, we collected behavioral data during an educational VR game on pH meter
operation in biopharma manufacturing. All study participants self-reported their exper-
tise on the subject in a pre-test, while a subset of participants additionally performed a
physical lab demonstration and took a compliance test after completing the laboratory
simulation.
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Figure 4.1: Univariate linear regression models correlating physical lab performance
and compliance to virtual reality (VR) simulation behaviometrics. All statistically sig-
nificant results are presented (P < 0.05). A: Fewer interactions in the simulation in
tasks requiring practical skills led to better lab performance. B: More time in simula-
tion challenges led to better lab performance. C: Fewer interactions in the simulation
in tasks requiring practical skills led to higher compliance scores. D: Higher challenge
scores in the simulation led to higher compliance scores.
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We correlated summarized behavioral data (behaviometrics) to physical lab skills and
compliance to discover in-game metrics that are indicative of real-life performance. Using
the full dataset, we then built a prediction model to classify experts and novices in pH
meter operation based on the behaviometrics.

To discover in-game behaviors that are indicative of real-life performance, we investigated
which of the recorded variables from the VR simulation logs predicted compliance and
physical laboratory skills. For this purpose, we conducted a physical lab performance
demonstration and compliance test with a subset of participants (first-year biopharma
production students) after they completed the VR simulation. We compared the results
to the interpretable, summarized behaviometrics (Table 4.1). The analysis showed that
in-game challenge score correlated with compliance (P < 0.01) but not physical lab
performance, while the number of interactions during practical, hands-on VR tasks
(practical skill interactions) correlated with both compliance (P = 0.01) and physical
lab performance (P = 0.02). In addition, the time that participants spent in challenges
(challenge time) correlated with physical lab performance (P = 0.03). The higher the
challenge score and the lower the number of practical skill interactions, the higher the
participants’ compliance test result. Participants’ physical lab performance increased
with lower numbers of practical skill interactions and more time spent in challenges
(Figure 4.1).

Classifying study participants by expertise

We hypothesized that the behaviors that correlated with compliance and physical lab
performance could be used to classify study participants into experts and novices in
pH meter handling. We investigated if, using the full data set, we could create a more
powerful prediction model beyond univariate correlations. To classify study participants
by expertise, they were first binned into expertise levels according to their self-reported
pre-test scores: Based on the density distribution of participants, the dataset was split
into two distinct expertise groups according to a threshold set at the local minimum of
the curve (Figure 4.2). Participants with less than 0.52 points on the pre-test expertise
score were considered novices and those with higher points were considered experts.

We then created an independent logistic regression model based on the summarized
behaviometrics that classified study participants into the two predetermined expertise
groups. Through backwards selection, we found that challenge score and practical skill
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Figure 4.2: Density distribution of pre-test expertise scores. The expertise metric
combined answers to questions about prior knowledge, self-perceived prior knowledge,
amount of training and current occupation into an average score (Supplementary Table
2). Participants were divided into experts and novices based on the threshold at the
local minimum of the distribution.

interactions were highly predictive of the expertise outcome (Table 4.2) — the same
metrics previously found to correlate with compliance and physical lab performance.
Thus, the independently selected parameters of this reduced classification model are
best explained by participants’ practical skills and knowledge of compliance in relation
to their expertise. On average, expert participants had higher challenge scores and lower
numbers of practical skill interactions, which was associated with better compliance and
physical lab performance.

Table 4.2: Behaviometric predictors of expertise groups after variable reduction. Chal-
lenge score and practical skill interactions were significant predictors in the reduced
logistic regression model.

Behaviometric Coefficient Z-Statistic P-value
Challenge score 1.67 3.45 <0.001
Practical skill interactions -3.47 -2.86 <0.01

Unbiased behavioral predictors must not be influenced by the protected attributes gen-
der or age. When added as a covariate in the reduced classification model, gender did
not have a significant influence on the prediction (P = 0.88). However, due to cross-
correlations among age, the selected behaviometrics, and the expertise group, we further
investigated if differences in behavior could be explained by the expertise group or age.
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Calculating 2 x 2 ANCOVAS (type 2) for each behaviometric separately, we exclusively
found significant main effects for the expertise group but not for age, with no signif-
icant interactions between age and expertise group (Supplementary Table 4). Hence,
we concluded that both main predictors used in the reduced classification model were
explained by expertise alone, legitimizing their use for performance prediction.

Model performance and evaluation

To evaluate how the reduced classification model of novices and experts generalized to
unseen data, we subjected the model to a 3-fold, 10x repeated cross-validation. We
also compared it to a regularized logistic regression model (performance model), built
from all available metrics (340 behaviometrics, age and gender). The models’ prediction
accuracies across all test sets were 77% (area under the curve [AUC]=0.80) for the
reduced model, and 81% (AUC=0.88) for the performance model as calculated from
confusion matrices (Table 4.3). With the reduced model, an average of 74% of novices
and 79% of experts were correctly classified in each independent test set. Assuming
that the difference in accuracies is normally distributed, we calculated the credibility
bounds of the 95% prediction interval to be -0.13 and 0.22. Hence, the classification
rate of the reduced model was not significantly different from the classification rate of
the performance model.

Table 4.3: Confusion matrices showing average cell counts across independent test sets
for the reduced and performance logistic regression models.

Reduced Model Actual:
Novice Expert

Predicted: Novice 29% (7.6) 13% (3.4)
Expert 10% (2.7) 48% (12.6)

Performance Model Actual:
Novice Expert

Predicted: Novice 27% (7.1) 7% (1.8)
Expert 12% (3.2) 54% (14.2)
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Discussion

Our results showed that behaviometrics from VR tasks correctly predicted expert or
novice status and scores correlated with compliance and performance in a real-world
test of the task. Our study was based on a VR simulation of pH meter use, with
behavioral data from reading, challenge and interaction tasks, and other metrics within
the VR environment.

In our study, expertise groups were defined from a threshold of pre-test scores. Partic-
ipants with different expertise backgrounds formed two visually distinct groups in the
density distribution of scores, which was used to establish the threshold. This is in
contrast to previous studies, where expertise was more normally distributed, making it
difficult to differentiate distinct groups [140, 144].

Our reduced statistical model based on only two predictors was able to classify novices
and experts into their respective expertise groups with 77% accuracy based on behavio-
metrics data. The classification rate of the reduced model was not significantly lower
than that of the full performance model with 342 predictors that employed machine
learning approaches for model building (81% accuracy). The accuracy range is compara-
ble to previous studies that predicted performance from students’ interaction patterns in
programming courses collected over several weeks (from 70-89%) [141, 145–148]. In ad-
dition, the predictors used in the reduced model are interpretable, thus adhering to the
explainable artificial intelligence paradigm. They are also independent of the protected
attributes gender and age, so the applied methodology was considered fair [149].

The summarized behaviometrics (Table 4.1) were individually evaluated for their corre-
lation to physical laboratory skills and compliance. In line with the reduced expertise
model, the number of interactions with elements of the virtual lab in tasks requiring
practical laboratory skills (practical skill interactions) negatively correlated with physi-
cal lab performance and compliance. This result can be explained by participants’ trial-
and-error behavior, a commonly used metric in automatic assessment environments that
is correlated with worse performance [99, 144]. Trainees who executed the laboratory
tasks according to protocol made fewer errors and thus needed fewer steps to complete
the tasks in both the virtual and physical laboratories.

Also in line with the reduced expertise model, scores for in-game challenges (challenge
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scores) positively correlated with compliance, indicating that the ability to solve concrete
problems in the virtual laboratory was reflective of the test outcomes.

Additionally, we found that time spent on in-game challenges (challenge time) positively
correlated with physical lab performance. Similar results were previously reported for
engagement prediction: the more time trainees spent on executing tasks, the higher their
engagement [137]. In virtual laboratories, higher engagement was shown to lead to better
performance [143]. In the context of biopharma manufacturing, where accurate execution
of predefined processes is critical, this result may also be explained by more thorough
participants making fewer mistakes in the subsequent performance demonstration.

In conclusion, the presented approach represents a step towards implementing behavio-
metrics in biopharma manufacturing with a focus on replacing existing performance
demonstrations and compliance tests. This approach promises a more efficient charac-
terization of trainees’ relevant skills, while reducing the cost and time spent on laborious
assessments. The presented approach can also be applied for remote assessment – an add-
on to remote training that is becoming increasingly popular due to the novel coronavirus
pandemic at the same time that companies are starting to realize its cost and conve-
nience benefits. Our behavior-based approach to performance assessment also solves the
issue of academic dishonesty in distant training contexts [133–135].
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CHAPTER 5
Conclusion

The first aim of this thesis was to investigate the usefulness of VR games for learning
life science laboratory competencies. To this end, we built two laboratory simulations,
one on laboratory safety and the other on pH calibration. We then conducted ran-
domized controlled trials with the respective target groups: middle-school students and
trainees/employees in biopharma manufacturing. Overall, results indicated that VR is
a competitive training strategy for gaining laboratory competencies and that learning
outcomes can be further improved by tailoring the design to trainees’ personal charac-
teristics. More specifically, VR training outcompeted reading instructions on multiple
metrics, including practical skills and was at par with physical laboratory training for
gaining theoretical knowledge. Hence, VR training is a cost-effective alternative to tradi-
tional teaching methods. Our case study on pedagogical agents indicated that adjusting
the agent to the trainees’ gender is beneficial for learning: Girls’ performance improved
when a female humanoid agent delivered the instructions, while boys learned most from
a flying robot (called the drone). These findings are in line with studies suggesting
gender-specific preferences with regards to social partners.

The second aim of this thesis was to apply different metrics to quantify learning. In
the conducted studies, learning was measured in theoretical and practical tests, during
gameplay, and with self-report questionnaires. We showed how VR training impacts
knowledge retention, knowledge transfer, in-game challenge scores, and practical skills.
We also showed how secondary metrics such as self-reported measures and in-game
behaviors can be used as proxies for performance. Answers to questions about perceived
learning, self-efficacy, enjoyment, and mental effort were performance indicators in our
studies. No direct link between presence and performance was found, suggesting a more
complex relationship between presence, instructional design, and learning. Besides, in-
game challenge scores and VR task interactions were found to predict expertise, practical
skills, and knowledge retention. Such performance indicators recorded during gameplay
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are a non-intrusive assessment method for measuring trainees’ readiness to perform tasks
in a physical laboratory.

Research on VR games for training is a novel, rapidly evolving field, hence the broad
framing of this thesis. The reported studies only scratched the surface of pedagogical
agent design, VR training for physical laboratory skills, and behaviometric performance
assessment - areas that could constitute entire Ph.D.’s by themselves.

Human trainees are highly complex study subjects, and successful instructional design
depends on many different variables such as individual differences between trainees, the
desired learning outcomes, the training subject, and choice of medium. Despite an
emerging body of case studies, this context-dependency makes it difficult to draw broad
conclusions on how to best design training content for VR. In practice, undergoing
multiple product development lifecycles is a way of optimizing learning and affective
training outcomes: Starting from a set of predefined learning objectives, the instructional
design is adjusted according to best VR design practices and user insights until the
desired outcomes are achieved. Learning and affective training outcomes are measured
with an appropriate test and balanced against each other to achieve harmony between
entertainment and educational value. However, this approach does not account for
individual differences between trainees.

ITS adapt the instructional design to trainees’ personal differences, thereby maximiz-
ing the learning outcomes of individuals (Section 1.2.1.4). For example, an algorithm
may automatically adjust the appearance and behavior of the pedagogical agent such
that the level of guidance and difficulty matches the trainees’ performance and affective
states. Hence, constant monitoring of trainees during gameplay is a pre-requisite for
adaptivity (Chapter 4). In our laboratory simulations, behaviometrics could be used to
adjust the amount of help provided by the pedagogical agent or the difficulty of in-game
problem-solving challenges. However, this requires instructional designers to predefine
multiple versions of the same game with different help options and challenges rendering
the development process less scalable.

In traditional gaming, automating the creation of quests, levels, maps, etc., through
procedurally generated content is already being investigated [150]. Similar approaches
might eventually become applicable for educational games, such that creating multiple
versions of the same game is automatic. For example, it is conceivable that learning how
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to drive a car in different versions of an AI-generated city with varying traffic would al-
ready be possible [151]. Hence, procedural content generation for open-world laboratory
simulations, where natural processes are pre-programmed into the game, might be the
next frontier of VR laboratory training, providing optimal experiences to all learners.
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APPENDIX A
Supplementary Material

A.1 Supplementary Material for Chapter 3

Supplementary Methods

Participants

The sample consisted of 69 participants in their first year of study at two production
schools, a type of Danish secondary education that includes vocational training. At the
schools, students are trained in metrology to become industrial operators. The schools
have a close connection to the biopharma industry and most graduates are employed
there. Participants were between 16 and 53 years old and 30 had a high school, other
vocational, or university education. Many had worked in other sectors before starting
retraining to become operators. As is representative for this line of education/work, 58
participants were male.

Procedure

We held two training and two testing sessions at each school. On training days, par-
ticipants were randomly assigned an ID number. They then filled out a pre-test ques-
tionnaire, immediately participated in one of three training interventions depending on
their ID, and then filled out a post-test questionnaire (Fig. 1).

The following day (testing day), participants’ practical skills were assessed individually
by one of three metrology experts. Equal numbers of participants per condition were
randomly assigned to each expert. Participants were instructed not to reveal their prior
training to the experts. They were then asked to perform the procedure with real



54 A Supplementary Material

equipment according to what they learned in their training, while the experts scored
their performance.

Training conditions

Trainees were divided into three training conditions: Reading the SOP (Fig. 1a), VR
training (Fig. 1b) and real-life training (Fig. 1c). Each training intervention was
designed to last one hour.

The SOP was the basis upon which the other conditions were developed. It was a 20-
page, confidential, step-by-step instruction manual on how to conduct and document
a pH calibration and adjustment according to production standards in the biopharma
industry. The content was delivered as text and images. For example, one step in the
manual described how to flush the electrode of the pH meter before use (Fig. 1a). The
SOP was provided in printed format.

The VR training was built according to guidelines described by Bonde et al. [5], and
adapted for procedural-skills training in VR. For this purpose, the SOP was translated
into a computer-aided narrative with hands-on experimentation in a virtual laboratory.
For example, participants wearing a VR headset (Lenovo Mirage) for the simulation and
holding a game controller (Google Daydream) used their virtual hand to pick up a wash
bottle and flush the electrode (Fig. 1b). Hence, this training was interactive rather
than passive and mimicked a real lab as closely as possible. The theory content and
instructions were displayed on a virtual tablet and participants were guided through
the experience by a virtual agent who provided the narration. For an optimal VR
experience, the hexagonal lab room featured circular workbenches to provide easy access
to equipment without moving position, which prevents motion sickness.

The real-life training followed the same protocol as the VR simulation, but participants
performed the laboratory tasks using real equipment. Instead of a virtual agent, a real
trainer provided the instructions and theoretical content during the training session, for
example, with participants using an actual wash bottle to flush a pH meter electrode
(Fig. 1c). Hence, in this training, trainees were trained on the same equipment that
was used for assessment on the testing day. In contrast to the other conditions, because
of time and resource limitations, two participants were trained simultaneously, although
with individual equipment.
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Metrics

The pre-test consisted of questions about the participants’ demographics such as gender,
age, and educational background, and six topic-specific questions about their expertise
on pH calibration and adjustment according to production standards (Supplementary
Table 1). Expertise was assessed with three questions scored with a 5-point Likert
scale about perceived prior knowledge and three multiple-choice questions about prior
knowledge. The expertise score was used to ensure that the performance of participants
was not affected by their experience. When added as a covariate, no significant effects
were detected for expertise on theoretical knowledge (P = 0.731) or practical skills (P
= 0.361).

The post-test was a compliance test of 15 multiple choice knowledge questions that
were generated prior to designing the training by the biopharma company according
to their regulations. Each had four answer possibilities, only one of which was correct.
The test also contained three self-efficacy questions measured with a 5-point Likert
scale to determine the participants’ confidence about performing a pH calibration and
adjustment independently without help, remembering the required steps to perform a
pH calibration and adjustment, and being able to correctly use the logbook. It also
contained three items measuring perceived learning, which were adaptedfrom Rovai et
al. [84], four items on enjoyment adapted from Tokel and Isler [152] and one item on
overall mental effort (Supplementary Table 1) [153].

The practical skills test was 21 checklist items evaluated by three metrology experts.
The items reflected all steps in the protocol that were taught in the training, e.g., ”[The
participant] flushed the electrode from all sides before measuring the calibration point”.
For each item, experts indicated if the participant performed this step correctly. No
significant differences were observed between the three testers, indicating that the test
was robust to individual bias (F2,57 = 0.38, P = 0.68).

Statistical analysis

All statistical analyses were carried out using the R statistical computing environment.
Results were considered significant for P < 0.05. One-way analysis of variance (ANOVA)
was used to determine statistical significance among all training conditions for each of
the dependent variables of theoretical knowledge, practical skills, perceived learning, self-
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efficacy, enjoyment, and mental effort (F-score). The same test was used to determine
differences between metrology experts on scoring practical skills. Post hoc analysis using
independent t-tests were carried out to compare SOP to VR, and real-life training to VR
(t-score). To determine the influence of prior expertise on performance, 2x2 analysis of
covariance (ANCOVA) was used with the training condition as the independent variable
and expertise as the covariate.

Supplementary Table 1: Self-reported metrics from the pre- and post-tests.

Pre-test metric Question

Gender What is your gender? (Female / Male / Other)
Age How old are you? (Open)
Educational background What is the highest level of education you have completed?

(Primary school / Vocational education / High school / Uni-
versity)

Perceived prior knowledge Please indicate how much you agree or disagree to the fol-
lowing statement: I am familiar with pH-calibration. (Com-
pletely agree / Agree / Neither agree nor disagree / Disagree
/ Completely disagree)

Please indicate how much you agree or disagree to the fol-
lowing statement: I know how to calibrate and adjust a
pH meter. (Completely agree / Agree / Neither agree nor
disagree / Disagree / Completely disagree)

Please indicate how much you agree or disagree to the fol-
lowing statement: I know how to document a pH calibration
and adjustment according to the local SOP at [pharmaceu-
tical company]. (Completely agree / Agree / Neither agree
nor disagree / Disagree / Completely disagree)
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Post-test metric Question

Self-efficacy Please indicate how much you agree or disagree to the fol-
lowing statement: I am confident, that I can perform a pH
calibration and adjustment independently without any help.
(Completely agree / Agree / Neither agree nor disagree /
Disagree / Completely disagree)

Please indicate how much you agree or disagree to the fol-
lowing statement: I am confident, that I am able to cor-
rectly follow the steps needed to perform a pH calibration
and adjustment. (Completely agree / Agree / Neither agree
nor disagree / Disagree / Completely disagree)

Please indicate how much you agree or disagree to the fol-
lowing statement: I am confident, that I am able to cor-
rectly use a logbook for pH calibration and adjustment.
(Completely agree / Agree / Neither agree nor disagree /
Disagree / Completely disagree)

Perceived learning Please indicate how much you agree or disagree to the fol-
lowing statement: I am able to use my pH calibration skills
learned from the training I received in a real laboratory.
(Completely agree / Agree / Neither agree nor disagree /
Disagree / Completely disagree)

Please indicate how much you agree or disagree to the fol-
lowing statement: I have expanded my pH calibration skills
as a result of the training I received. (Completely agree /
Agree / Neither agree nor disagree / Disagree / Completely
disagree)

Please indicate how much you agree or disagree to the fol-
lowing statement: I can demonstrate the pH calibration
skills learned in the training I received to others. (Com-
pletely agree / Agree / Neither agree nor disagree / Dis-
agree / Completely disagree)
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Enjoyment Please indicate how much you agree or disagree to the fol-
lowing statement: The training I received was enjoyable.
(Completely agree / Agree / Neither agree nor disagree /
Disagree / Completely disagree)

Please indicate how much you agree or disagree to the fol-
lowing statement: The training I received was fun. (Com-
pletely agree / Agree / Neither agree nor disagree / Disagree
/ Completely disagree)

Please indicate how much you agree or disagree to the fol-
lowing statement: The training I received was entertaining.
(Completely agree / Agree / Neither agree nor disagree /
Disagree / Completely disagree)

Please indicate how much you agree or disagree to the fol-
lowing statement: The training I received was pleasant.
(Completely agree / Agree / Neither agree nor disagree /
Disagree / Completely disagree)

Mental effort Please indicate how much overall mental effort you had to
invest during the training you received. (Very very low
mental effort / Very low mental effort / Low mental effort
/ Rather low mental effort / Neither high nor low mental
effort / Rather high mental effort / High mental effort /
Very high mental effort / Very very high mental effort)



A.2 Supplementary Material for Chapter 4 59

A.2 Supplementary Material for Chapter 4
Supplementary Table 2: Pre-test expertise metrics were used to calculate the partic-
ipants’ expertise scores and divide them into novices and experts.

Pre-test expertise metric Question

Occupation What is your occupation? (Student at NEXT / Student
at EUC / Operator at [biopharma company] / Equip-
ment responsible at [biopharma company] / Other)

Training How often do you perform a pH calibration at your work-
place? (Every day / Multiple times per week / Once per
week / A couple of times per month / Once per month /
Less than once per month)

When was the last time you received training on pH cali-
bration at [biopharma company]? (Less than half a year
ago / Less than one year ago / Less than two years ago
/ More then two years ago / Never)

What type of specific training on how to perform a pH
calibration at [biopharma company] have you received in
the past? (I read the SOP, received one to one training,
and took the eLearning before / I both read the SOP
and took the eLearning before / I both read the SOP
and received one to one training before / I only took the
eLearning before / I only received one to one training
before / I only read the SOP before / I never received
training before)

Perceived prior knowledge Please indicate how much you agree or disagree with the
following statement: I am familiar with pH calibration.
(I fully agree / I agree / I neither agree nor disagree / I
disagree / I completely disagree)

Please indicate how much you agree or disagree with the
following statement: I know how to calibrate and adjust
a pH meter. (I fully agree / I agree / I neither agree nor
disagree / I disagree / I completely disagree)
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Please indicate how much you agree or disagree with the
following statement: I know how to document a pH cal-
ibration and adjustment according to the local SOP at
[biopharma company]. (I fully agree / I agree / I neither
agree nor disagree / I disagree / I completely disagree)

Prior knowledge Which important values do you have to transfer from
the buffer bottle to the logbook during calibration? (pH
table value and expiration date / Error value and pH
table value / Expiration date and error value / MPE
and error value)

You have just completed the first calibration before mea-
surement. What do you have to do if the error value
between the measured pH value and the table pH value
on the buffer bottle is higher than MPE? (Adjust the
pH meter / Report a deviation / Contact the equipment
responsible / Release the pH meter for use)

After measurements, your calibration failed. What do
you need to do now? (Adjust the pH meter / Report a
deviation / Contact the equipment responsible / Release
the pH meter for use)

NEXT and EUC are production schools for vocational education in Denmark; SOP, standard
operating procedure; MPE, maximum permissible error.
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Supplementary Table 3: Overview of model performance parameters for the perfor-
mance and reduced logistic regression models calculated for different sampling strategies.

Model Sampling strategy Sensitivity Specificity Accuracy AUC
Reduced None 0.61 0.88 0.77 0.79
model RUS 0.74 0.79 0.77 0.79

ROS 0.74 0.79 0.77 0.80
Performance None 0.57 0.92 0.78 0.84
model RUS 0.74 0.85 0.80 0.85

ROS 0.69 0.89 0.81 0.88

AUC, area under the curve; RUS, Random Undersampling; ROS, Random Oversampling.

Supplementary Table 4: Summary table of 2 x 2 ANCOVA comparing the influence
of age and expertise group on the behavioral predictors used in the reduced logistic
regression model. No significant interactions were observed between age and expertise
group. No significant main effects were observed for age. However, significant main
effects were observed for the expertise group for both behaviometrics.

Behaviometric Expertise group P Age P Interaction P
Challenge score <0.001 0.34 0.33
Practical skill interactions <0.001 0.42 0.15

ANCOVA, analysis of covariance.
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