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A B S T R A C T   

In game-based learning, adaptive scaffolding can enhance the learning of domain-specific skills, known as first- 
order scaffolding, and self-regulatory skills, known as second-order scaffolding. To design adaptive scaffolding, 
we need indicators that identify learning opportunities. Therefore we investigated how indicators of performance 
and self-regulation relate to overall game performance in a medical emergency simulation game. These in-
dicators have the potential to guide the design of adaptive first-order and second-order scaffolding, respectively. 
Twenty-six fourth-year medical students played 116 game sessions. Using a multilevel model, we investigated the 
relationship between overall game performance and a range of online and offline measures. For first-order 
scaffolding, accuracy, systematicity and thoroughness were found to be valid indicators; for second-order scaf-
folding, high global self-regulatory scores and frequent monitoring were found to be valid indicators. These 
indicators can be included in future algorithms for adaptive scaffolding in game-based learning.   

The use of computer games in learning and instruction, or game- 
based learning (GBL), has increasingly gained popularity as a means 
of offering engaging and experiential learning. A definition of computer 
games was provided by Vogel et al. (2006) as follows: “A computer game 
is defined as such […] because the activity has goals, is interactive, and 
is rewarding (gives feedback).” (Vogel et al., 2006, p. 231). Especially in 
environments such as emergency care or aviation real-task practice 
opportunities for trainees are limited, as high-stakes situations are 
preferably handled by senior staff to ensure patient and staff safety. In 
these settings, the interactivity, feedback and engagement provided by 
GBL can provide meaningful situated learning of complex skills in a 
scalable, flexible, and safe way (Dankbaar et al., 2017; Kalkman, 2012; 
van der Pal et al., 2016), assuming that the games’ goals are aligned with 
appropriate learning goals. However, the costs of GBL development are 
generally high (Vlachopoulos & Makri, 2017). To justify the resources 
required to develop and implement GBL, it is important to consider how 
to optimally design a GBL environment. This paper aims to identify in-
dicators of performance in GBL that may be used as input for adaptive 
scaffolding. 

1. Scaffolding in game-based learning environments 

In this study, we will consider a game-based learning environment 
following a task-centered instructional design, such as Four-Component 
Instructional Design (4C/ID) (van Merriënboer & Kirschner, 2017). 
Previous research has demonstrated the applicability of the 4C/ID 
framework to GBL design (Faber et al., 2021; Huang & Johnson, 2009). 
Task-centered instructional design is characterized by authentic tasks 
increasing in complexity accompanied by decreasing support and 
guidance. Scaffolding refers to “the process whereby the support given 
to students is gradually reduced to counteract the adverse effects of 
excessive task complexity” (Könings et al., 2019, p. 86). The level of 
performance that scaffolding should guide the learner to can be per-
forming tasks of higher complexity or performing tasks more indepen-
dently, with less support and guidance (Merrill, 2007; van Merriënboer 
& Kirschner, 2017; Vygotsky, 1930–1934/1978). 

Three key characteristics of scaffolding are contingency, fading, and 
transfer of responsibility (van de Pol et al., 2010). Firstly, contingency 
means the support is adjusted to the learner’s competence. In GBL 
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environments, contingency can be enacted by implementing adaptivity. 
This means the instruction is adapted to input from the player’s char-
acteristics and choices, in response presenting tailored support and tasks 
to improve both motivation and learning outcomes (Streicher & Smed-
dinck, 2016). In learning environments, adaptivity improves knowledge 
acquisition and mental models (Roger et al., 2011). Several studies have 
investigated adaptive GBL, demonstrating promising results (Corbalan 
et al., 2008; Leutner, 1993; Serge et al., 2013). The second characteristic 
of scaffolding is fading, as the support given to students is gradually 
reduced as their competence increases. Finally, a transfer of responsibility 
occurs from teacher to learner when the learner advances towards 
mastery and thus receives less support. These features are closely 
interrelated: support that adheres to the contingency principle will 
logically fade away when the learner’s competence increases, and when 
this happens, the teacher will need to take less control over the learning 
process, resulting in a transfer of responsibility. Considering the pivotal 
role of contingency in this process, diagnosing the learner’s level of 
competence through dynamic performance assessment is a crucial step 
in designing effective scaffolding (Belland, 2014). 

This implies that effective scaffolding in GBL must be designed 
around input variables that are correlates of performance. Below, we 
will first elaborate on the elements involved in adaptive scaffolding: 
input, response, and goal. Next, we will distinguish between first-order 
scaffolding and second-order scaffolding, discussing possible input 
variables and responses for each. Finally, we report how the current 
study investigated the relationship of specific interaction traces (i.e. 
learners’ behavioural and regulatory actions in the game) with overall 
performance in a medical emergency game. If interaction traces of 
performance can be used to identify learning opportunities, they can 
serve as input for scaffolding decisions. 

When implementing adaptivity in GBL, input and response must be 
chosen carefully to achieve the required goal. Input can be collected 
from tests or questionnaires outside the game, e.g. current level of 
knowledge, cognitive abilities, or emotions. In addition, the input can be 
collected from the game itself in extensive trace logs, documenting in- 
game choices, behaviours, or events (Streicher & Smeddinck, 2016). 
Traces of interaction between the learner and the game offer insight into 
decision-making processes and inform us how learners use the game 
(Serrano-Laguna et al., 2018). 

Interaction traces that correlate with performance can be used to 
identify deviations from optimal performance. Learning opportunities 
exist in these gaps between observed and optimal performance. As such, 
interaction traces can be used to guide adaptive scaffolding. The 
response to the selected input may include modification of the learning 
tasks or game scenarios (e.g., complexity, fidelity), adjustment of sup-
port and guidance, the dynamic creation of personalized content, and 
feedback (Plass et al., 2015; Streicher & Smeddinck, 2016). Because 
feedback needs to be given in each well-designed learning environment, 
adaptive scaffolding of feedback mainly pertains to its informative 
value; for example, narrative feedback contains more suggestions for 
improving performance than accuracy feedback (Damen et al., 2021)). 

Regarding the goal, we may distinguish first-order and second-order 
scaffolding. First-order or domain-specific scaffolding supports learning 
domain-specific knowledge and (complex) skills, while second-order or 
generic scaffolding supports the self-regulation of learning (SRL), in 
order to enable the learner to handle similar tasks themselves and 
continue learning in the future (van Merriënboer & Kirschner, 2017). To 
ensure successful transfer of responsibility, we must seek the appro-
priate balance between first-order and second-order scaffolding. For 
example, when learners cannot complete a task because they do not 
know how to use a specific tool, we can demonstrate how the tool works, 
applying first-order scaffolding; or we can explain where to find infor-
mation about the tool, applying second-order scaffolding and aiming to 
further the development of problem-solving skills. Adapting scaffolding 
to the learners’ current SRL level is key to establishing the appropriate 
balance. Each type of scaffolding requires a distinct assessment of the 

learner’s competences and thus requires different indicators. Below, we 
discuss the application of and potential input for first-order and 
second-order scaffolding in game-based learning. 

2. First-order scaffolding 

To support the acquisition of domain-specific knowledge and skills, 
first-order scaffolding can be provided in several ways, including 
prompts, examples, assigning roles, and inducing reflection (Chernikova 
et al., 2020). For example, learners with a very low level of competence 
can first be presented with worked-out examples, finish given incom-
plete solutions as their competence increases, and finally perform the 
whole tasks themselves (Renkl & Atkinson, 2003). For more competent 
learners, the worked-out examples may be omitted, starting with 
completing given incomplete solutions. Thus, as learners’ competence 
increases, contingency-based first-order scaffolding results in fading of 
the support and guidance for domain-specific skills. 

To deliver contingent first-order scaffolding, different aspects of 
overall performance should be assessed. In this study, we will consider 
three aspects of performance: accuracy, systematicity in approach, and 
thoroughness. First, accuracy can be evaluated by recording the pro-
portion of errors. Second, for complex tasks that require adherence to 
cognitive strategies, experts commonly use a Systematic Approach to 
Problem Solving to solve unknown problems (van Merriënboer & 
Kirschner, 2017). Systematicity in approach may be assessed from inter-
action traces by recording the task phases (Lee et al., 2019). For 
example, performing a literature review involves five phases: “(1) define 
research questions, (2) search for sources, (3) select sources, (4) process 
information, and (5) present information” (Wopereis et al., 2015, p. 
300). If a learner deviates from this order, their systematicity in 
approach becomes lower, suggesting their cognitive strategies for the 
task are underdeveloped. Finally, we can evaluate thoroughness: whether 
the learner has employed all relevant options available to perform the 
task in the best way possible. This is specifically applicable to fields in 
which standardized approaches are applied to prevent vital steps from 
being missed. For example, in aviation a checklist should be completed 
before takeoff, containing items such as “lock doors and windows”. 
Skipping those actions leads to suboptimal performance, regardless of 
whether or not the plane becomes airborne. Although not all GBL en-
vironments may provide readily available traces for each aspect of 
performance, combining different aspects will result in a more complete 
picture of the quality of performance. 

3. Second-order scaffolding 

Second-order scaffolding intends to support the learning of domain- 
general skills, especially SRL (Kirschner & van Merriënboer, 2008). SRL 
refers to the modulation of affective, cognitive, and behavioural pro-
cesses throughout a learning experience to reach the desired level of 
achievement (Karoly, 1993). Consisting of a monitoring and a control 
effort, SRL can facilitate the learning of complex skills (Boekaerts & 
Minnaert, 1999; de Bruin & van Merriënboer, 2017). For example, stu-
dents with higher developed SRL skills are better able to acknowledge 
points of improvement, select appropriate follow-up or practice tasks, 
and use cognitive resources to support their learning. Accordingly, 
studies have found positive relations between SRL and confidence in 
learning, academic achievement, and success in clinical skills (Cho et al., 
2017; Cleary et al., 2016). These benefits of skilled self-regulation 
extend into the realm of GBL, where strategy use, monitoring accu-
racy, and level of SRL have been related to improved performance 
(Nietfeld et al., 2014; Sabourin et al., 2013). 

Implementations of second-order scaffolding include static scaffolds, 
adaptive scaffolding by a human tutor, and generic or metacognitive 
prompts (Winters et al., 2008; Wu & Looi, 2012), and combinations of 
prompts and instruction to use explicit self-monitoring strategies (Wong 
et al., 2018). Shared control, a common feature of games, can increase 
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task involvement (Corbalan et al., 2008), but risks jeopardizing learning 
when monitoring skills are inadequate (de Bruin & van Merriënboer, 
2017), necessitating carefully titrated second-order scaffolding. This 
may be accomplished by applying the training wheels principle, mean-
ing to appropriately constrain the learner’s options to make sure they 
cannot perform unnecessary or undesirable actions (Carroll, 2000; van 
Merriënboer & Kester, 2018). Crucial to successfully implementing such 
scaffolding is identifiying learners who need this support, for example by 
measuring SRL. 

SRL can be measured on different levels. On a global level, SRL can 
be measured by self-report measures such as the Motivated Strategies for 
Learning Questionnaire (MSLQ) (Pintrich et al., 1991). On a more 
context-specific level, SRL can be measured using self-regulated learning 
microanalysis (SRL-MA) by asking questions during a learning activity 
regarding specific SRL aspects, such as goal-setting or monitoring. The 
responses are then classified into various levels of SRL skill, dis-
tinguishing task-specific versus general-oriented responses. More 
task-specific responses are considered an indicator of higher 
context-specific SRL skill application (Cleary et al., 2012). On the level 
of behaviour, interaction traces can offer insight into the use of specific 
SRL strategies, such as monitoring, problem-solving and 
decision-making processes (Rovers et al., 2019; Serrano-Laguna et al., 
2018). To illustrate, opening a menu to review the objectives can be 
considered a measure of monitoring, and time spent prior to task initia-
tion as a measure of planning (Winne & Jamieson-Noel, 2002). If seeking 
help or using task supports such as a checklist is possible, these behav-
iours may be used as measures of help-seeking and monitoring, respec-
tively. Measures of SRL that correlate with overall performance can be 
used as valid indicators to guide SRL support. 

4. The present study 

The theory presented in this Introduction section suggests that 
scaffolding in GBL can improve the learning of both domain-specific and 
self-regulatory skills. Various methods of integrating scaffolding into 
GBL are available. However, to effectively design adaptive scaffolding, 
responding to the individual learner’s needs, it is essential to understand 
how game interaction traces can identify learning opportunities. They 
may be interpreted as measures of performance and SRL. 

Traces that correlate with overall performance identify a learning 
opportunity and can be used as indicators to guide the application of 
first-order and second-order scaffolding. For example, learners with low 
systematicity will likely benefit from studying video modelling exam-
ples, demonstrating the systematic approaches and rules of thumb that 
professionals use, and following up with the assignment to finish a given 
incomplete solution (van Merriënboer & Kirschner, 2018). Scaffolding 
options triggered by low thoroughness could include feedback, for 
example by showing real-time visualizations of task completeness, as 
well as providing detailed task supports (Chinnappan & Lawson, 1996; 
Mettes et al., 1981). Table 3 provides an overview of the indicators and 
suggestions for matching scaffolding responses. 

In the present study, we investigate which game interaction traces 
and measures of SRL are useful for assessing performance in a medical 
emergency simulation GBL environment. Our research questions are as 
follows:  

1. Which interaction traces correlate to overall performance in a 
simulation game for emergency medicine? 

We hypothesize that interaction traces reflecting accuracy, system-
aticity in approach, and thoroughness positively relate to game perfor-
mance (hypotheses 1a, 1b, and 1c).  

2. Which interaction traces of SRL correlate to overall performance in a 
simulation game for emergency medicine? 

Concerning SRL, we hypothesize that interaction traces reflecting 
help-seeking and monitoring positively relate to game performance 
(hypothesis 2a and 2b).  

3. Do global and context-specific measures of SRL relate to overall 
performance in a simulation game for emergency medicine? 

We assume that measures of global and context-specific SRL posi-
tively relate to game performance (hypothesis 3a and 3b). 

5. Methods 

5.1. Participants 

The participants for this study were 31 fourth-year medical students 
(58% female, age M = 23.1 years, SD = 2.03) who followed an internal 
medicine master course. The three-year bachelor curriculum teaches the 
basics of emergency care, without real-life exposure to emergency 
medicine. In a plenary session, 120 students were asked to participate in 
the study. Participants received a €7.50 gift voucher for participation. 
Students with previous experience playing the game were not eligible 
for inclusion. Participants reported spending on average 2.57 h per week 
playing games (range 0–15 h). Eight participants (30.7%) had real-life 
experience observing or handling an emergency medicine case. 

5.2. Materials 

5.2.1. Preparatory learning materials 
Participants received instructional material on emergency medicine 

and the ABCDE method. The ABCDE method is an internationally used 
method in which the acronym “ABCDE” guides healthcare providers to 
examine and treat patients in the following phases: Airway, Breathing, 
Circulation, Disability, Exposure. By adhering to this order, the most 
threatening issues will be treated first. The learning materials included a 
one-page summary of the ABCDE method, a handbook detailing its 
background and application, and an e-learning module consisting of 
±90 screens of information, illustrations, interactive questions and 
videos on emergency medicine and the ABCDE method. To quantify 
prior knowledge, a test was provided including 25 multiple-choice 
questions developed by content experts on different aspects of emer-
gency care (e.g. “Which threats to the airway must be considered in an 
unconscious patient?”). Cronbach’s alpha for items on the knowledge 
test was .67. The score for the knowledge test was expressed as the 
percentage of correctly answered questions. 

5.2.2. The abcdeSIM simulation game 
In the abcdeSIM simulation game (Erasmus University Medical 

Center & VirtualMedSchool, 2012) players find themselves inside a 
virtual emergency department, where their goal is to successfully assess 
and treat a patient using the ABCDE method within 15 min. Fig. 1 dis-
plays an image of the game interface. The design and features of the 
game have been described in detail in the study evaluating the games’ 
effect on preparing residents for emergency care training by Dankbaar 
et al. (2017). The game includes a click-through tutorial explaining the 
controls and a practice scenario for familiarization. In the game, all in-
struments and equipment required in an emergency department are 
available. A vital functions monitor can show the patient’s heart rate, 
blood pressure, etcetera. The player can request additional diagnostics 
or prescribe medication. A warning is shown if the player incorrectly 
applies an instrument or selects harmful tools. 

The player can open a checklist that outlines the global components 
of the ABCDE method and prompts the player to judge the patient’s 
health for each ABCDE phase. The checklist acts as a form of task- 
support that helps the students adhere to the ABCDE method (van 
Merriënboer & Kirschner, 2018). Help from medical specialists can be 
sought using the in-game telephone, leading to a pre-scripted response 
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depending on the actions the player has taken so far. 
We selected four scenarios for this study: gastrointestinal bleeding 

(GIB), subarachnoid haemorrhage (SAB), pneumonia with sepsis 
(PNEU), and acute myocardial infarction (AMI). Two content experts 
judged the level of complexity moderate for GIB and AMI, and high for 
SAB and PNEU. 

In each scenario, the player is expected to apply the ABCDE approach 
to the critically ill patient. However, because each scenario presents a 
different emergency medicine case, the symptoms and required in-
terventions are different for every scenario. Some interventions may be 
vital for one patient but harmful for another. For example, inserting an 
airway device can be vital in an unconscious patient, but in an awake 
patient, it may induce vomiting and cause airway obstruction. Whatever 
the necessary interventions, adhering to the ABCDE structure ensures 
that the most urgent threats are dealth with first. After completing a 
scenario, the game displays the score and narrative feedback. 

5.2.3. Measures of overall performance 
For each participant, we registered the total time playing the game, 

the total number of attempts for each scenario, and the time spent using 
the game tutorial and practice scenario. For each attempt at a scenario, a 
game session log was recorded including scenario information, case 
duration, game score, and in-game interaction traces. Using a special-
ized JavaScript parser, we extracted interaction traces and the ABCDE 
phase of the player’s actions from the session log. 

The overall quality of clinical decision making is expressed as the 
game score. This scoring system was designed and peer-reviewed by a 
panel of emergency medicine experts who created a list of the vital, non- 
vital, and harmful actions for each scenario. For every action, they 
agreed upon a point value. The score is generated by adding points for 
correct actions and subtracting points for harmful actions or overlooked 
vital actions. Vital actions earn more points than non-vital actions. 
Additionally, finishing faster earns one point per second left, provided 
that all crucial actions are performed. A high game score thus represents 
correct and fast clinical decisions made for the specific clinical scenario 
(Dankbaar et al., 2017). The order in which actions are taken is not 
considered in the score. 

We used three different interactions traces to measure aspects of 
performance. To measure accuracy, we counted the number of warnings 
shown. Systematicity in approach was calculated by first labelling the 
performed in-game actions as A, B, C, D, or E in chronological order. 
From the resulting string, a score ranging from 0 to 1 was calculated 

using a Hidden Markov Model as described by Lee et al. (2019). The 
more the sequence resembles the prescribed order of A-B-C-D-E, the 
higher the score. To measure thoroughness, we counted the number of 
requests for diagnostics during a scenario, such as an X-ray or 
electrocardiography. 

5.2.4. Measures of self-regulated learning 
As a global measure of SRL, we used the Motivated Strategies for 

Learning Questionnaire (MSLQ) (Pintrich et al., 1991, pp. 1–80). In-
ternal consistency was acceptable in this study (Cronbach’s alpha 
.72-.78). We used the Task Value (6 items), Elaboration (6 items), 
Control of Learning (4 items), Metacognitive Self-Regulation (11 items), 
and Effort Regulation (4 items) subscales. As a global measure of SRL, 
we averaged the score on all used subscales. Each item on the ques-
tionnaire is scored on a 7-point Likert scale with 1 indicating low levels 
of SRL and 7 indicating higher levels. 

To measure context-specific SRL, we adapted SRL-Microanalysis (SRL- 
MA) questions to the context of the abcdeSIM game based on previous 
research (Cleary et al., 2012; Durning et al., 2011). These questions and 
coding categories were tested in a separate pilot study. Table 1 shows 
questions, timing, and inter-rater agreement. We included questions 
regarding goal-setting, strategy use, self-efficacy, perceived instrumen-
tality, self-monitoring, self-control, self-reflection, attribution, and 
adaptive inference. Responses to the open-ended questions were recor-
ded verbatim and transcribed. Next, two researchers independently 
coded whether the response was task-specific (e.g. “I will inspect the 
patient’s mouth for causes of airway obstruction”) or general (e.g. “I will 
do my best”). Statements of ignorance were coded “unknown” (e.g., “I 
don’t know what to do”) and responses that fit neither of the above 
categories were coded “other” (e.g., “My goal is to help you gather data 
for the study”), resulting in a total of four categories for all open-ended 
questions. After individual coding, the researchers discussed discrep-
ancies to reach a consensus. Inter-rater agreement was moderate to near 
perfect in this study (weighted Cohen’s κ = .640 - .922). To quantify an 
overarching measure of context-specific SRL skill, we counted the 
number of times students gave a task-specific reply to the SRL-MA 
questions. 

For the use of specific SRL strategies, we recorded the number of times 
students accessed the checklist as a measure of monitoring and the 
number of calls to a medical specialist as a measure of help-seeking. 

Fig. 1. The abcdeSIM Game Interface 
Note. The abcdeSIM game presents a patient in a 
virtual emergency department. Various buttons allow 
the player to select tools used in medical examination 
and intervention, to interact with the patient or nurse, 
review diagnostics, or call for help. The patient’s 
image (facial expression, skin color) and the numbers 
on the Vital Functions Monitor (center, top) change in 
response to changes in their condition.   
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5.3. Procedure 

Prior to participating, participants were requested to study the 
learning materials and complete the MSLQ questionnaire, knowledge 
pretest, and game tutorial. After that, they were invited to a computer 
lab for two separate lab visits in the presence of a research assistant. 
Both sessions took approximately 45 min. 

During the first lab visit, the participant familiarized themselves with 
the game using the practice scenario, guided by an online questionnaire 
presenting eight prompting questions, e.g. “Which drawer contains 
materials for oxygen administration?”. To answer, participants clicked 
the appropriate area on a screenshot of the game. No feedback was 
provided, but participants were encouraged to test their answers in the 
game. During familiarization, participants could ask for help regarding 
the game controls. Next, they played the GIB scenario during which SRL- 
MA was measured. During the scenario, the research assistant did not 
intervene or answer questions. After completing the scenario, partici-
pants could spend unlimited time reading the in-game feedback. They 
were given a 5-min opportunity to ask questions. 

After the first lab visit, participants were given online access to the 
GIB, PNEU, and SAB scenarios to practice as much as they wanted at 
their own pace. Scenarios could be played more than one time and the 
order was not fixed. The learning management system recorded the 
number of times and the sequence in which each scenario was accessed. 

Approximately two weeks after the initial visit, participants were 
invited to a second lab visit during which they played the AMI scenario 
and we measured SRL-MA, followed by the provision of verbal feedback 
on the AMI scenario. 

The Ethical Review Board of the Dutch Association for Medical Ed-
ucation (NVMO-ERB) provided ethical approval for this study (NERB 

dossier number 1011). Participants signed informed consent. 

5.4. Statistical analysis 

Combining the analysis to investigate the relation of in-game 
behaviour traces (hypothesis 1), SRL traces (hypothesis 2), and global 
and context-specific SRL (hypothesis 3) with performance, we fitted a 
partially crossed linear mixed model, using the lme4 package (Bates 
et al., 2015) in R, version 3.5.1 (R Core Team, 2019). This type of model 
has been widely used in longitudinal data where repeated measurements 
of the same participants are taken over the study period (Magezi, 2015). 
Our criterion measure was the game score, which indicates the learner’s 
overall performance. As random effects, we entered random intercepts 
for scenario and participant. As fixed effects, we included the following: 
experience with emergency care, total time spent, the cumulative 
attempt at a scenario (measures of student practice); accuracy, system-
aticity, thoroughness (measures of specific in-game performance as-
pects); average MSLQ score, number of specific responses to the SRL-MA 
questions, checklist use (measures of SRL) and a Systematicity x 
Checklist use interaction. The Systematicity x Checklist use interaction 
was included in the model based on observations of students playing the 
game combined with input from experienced emergency care teachers. 
They indicated that students who struggle with performing a systematic 
ABCDE approach, appear to benefit most from reviewing the ABCDE 
structure of their actions. The use of the checklist in abcdeSIM mimics 
this review. Adding the interaction effect improved the model fit 
measured by the Aikake Information Criterion (Akaike, 1974). As-
sumptions of linear mixed models were verified by visual inspection of 
residuals plots for deviations of normality and absence of homoscedas-
ticity. Tests to see if the data met the assumption of collinearity indi-
cated that multicollinearity was not a concern (VIF < 2.5 for all fixed 
effects, range 1.04–2.33). We found no data points with a large influence 
on the model using the R influence.ME package (van der Meer et al., 
2010). To calculate p values, we performed likelihood ratio tests 
comparing the full model with the effects in question against the model 
without the effects in question. Given the low experimental control we 
had over the game sessions, we expect small effects sizes. An a priori 
power calculation using G*Power version 3.1.9.7 (Faul et al., 2007) 
using alpha = .05, beta = 0.2, effect size (f2) = 0.15 yielded a sample 
size of 114. 

6. Results 

In total, 243 game sessions were initiated by 31 participants (M = 8.8 
sessions per participant, SD = 5.1), including both lab sessions and 
sessions played from home. For 116 sessions from 26 students, data was 
available. For the remaining sessions, either the duration was too short 
(3 sessions), there were technical issues (64 sessions), including data 
corrupted by server malfunction, or the session was terminated incor-
rectly (60 sessions). Self-reported study time was M = 2.3 h, SD = 2.1. 
Recorded time spent on preparatory materials (e-learning module, 
tutorial, and practice scenario) was M = 1.70 h, SD = 1.67. The mean 
score on the pretest was 68.5%, SD = 19.21. The average MSLQ score 
was M = 5.40, SD = 0.59 on a scale of 1–7, indicating a reasonably high 
level of self-reported SRL across the sample. 

Using a multilevel model, we investigated the relationships between 
interaction traces, SRL measures, and overall performance. Table 2 
shows beta coefficients for the fixed effects included in the model. 

Hypothesis 1 regarded overall performance and in-game interaction 
traces. Lower accuracy (hypothesis 1a), represented by an increased 
number of warnings, was negatively associated with performance (β =
− 30.39, 95% CI [− 67.63, 4.05], p = .099), although not significant on 
the p < .05 level. We found significant associations with performance for 
both systematicity in approach (hypothesis 1b; β = 40.88, 95% CI [7.11, 
77.82], p = .03) and thoroughness (hypothesis 1c; β = 37.73, 95% CI 
[3.37, 76.39], p = .043). 

Table 1 
SRL-microanalysis questions adapted to simulation game context.  

Timing and SRL 
process 

Question Weighted 
Cohen’s κ 

After reading the description, before starting 
Goal-setting “Do you have a goal in mind before starting 

the case?” 
.776 

Strategy “What do you need to do to accomplish 
that goal?” 

.640 

Perceived 
instrumentality 

“How important is knowing how to apply 
the ABCDE method to you? Indicate on a 
scale of 0 (not important at all) to 100 
(very important)." 

n/aa 

Self-efficacy (pre- 
task) 

“How confident are you that you will apply 
the ABCDE method correctly in this case? 
Indicate on a scale of 0 (not confident at 
all) to 100 (very confident)." 

n/aa 

Immediately after completing the task, before reading feedback 
Self-monitoring “Do you think you have performed a 

flawless procedure thus far or have you 
made any mistakes? Tell me about them.” 

787 

Self-control “How did you ensure that you apply the 
ABCDE method correctly?” 

.885 

Self-monitoring “How do you know if you’ve reached your 
(learning) goals?” 

.922 

After reading 
feedback   
Attribution “Why do you think you’ve been able to 

correctly stabilize the patient” 
.918 

Adaptive 
inference 

“What do you need to do to improve your 
performance on a future case?” 

.736 

Self-evaluation “How well did you perform the ABCDE 
method in this case? Indicate on a scale of 
0 (not well at all) to 100 (very well)." 

n/aa 

Self-efficacy 
(post-task) 

“How confident are you that you will apply 
the ABCDE method correctly in the next 
case? Indicate on a scale of 0 (not confident 
at all) to 100 (very confident)." 

n/aa  

a For questions answered on a 0–100 scale, interrater reliability is not 
applicable. 
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Secondly, hypothesis 2 concerned interaction traces of SRL as cor-
relates of overall performance. For help-seeking (hypothesis 2a), no 
significant association could be demonstrated (β = − 11.79, 95% CI 
[− 44.14, 19.03], p = .477). Monitoring (hypothesis 2b) was 

significantly related with overall performance (β = 44, 95% CI [12.72, 
78.89], p = .015). Additionally, a strong interaction effect was present 
between systematicity and monitoring (β = − 26.44, 95% CI [− 50.65, 
− 2.74], p = .038). Fig. 2 shows that students showing lower system-
aticity profit more from monitoring (i.e. consulting the checklist) than 
students showing higher systematicity. 

Finally, hypothesis 3 investigated SRL measures as correlates of 
overall performance. A high level of global SRL (hypothesis 3a) was 
associated with higher overall performance (β = 53.85, 95% CI [15.72, 
93.11], p = .020). The overall level of context-specific SRL (hypothesis 
3b) was not predictive of performance (β = 2.48, 95% CI = [− 20.04, 
24.66], p = .843). 

7. Discussion 

In this study, we investigated the value of in-game interaction traces 
and SRL measures as indicators of performance in a medical emergency 
simulation game. These indicators may inform first-order and second- 
order scaffolding decisions. Hypothesis 1 investigated in-game interac-
tion traces reflecting accuracy (1a), systematicity in approach (1b), and 
thoroughness (1c). Hypothesis 2 investigated interaction traces reflect-
ing help-seeking (2a) and monitoring (2b) as indicators for second-order 
scaffolding. For hypothesis 3, we investigated global and context- 
specific SRL measures as correlates of overall game performance. 

Regarding hypothesis 1a, accuracy measured by in-game warnings 
was not significantly associated with overall performance. This suggests 
accuracy is not a valid indicator for performance, although the stan-
dardized coefficient did follow the hypothesized direction. The warning 
trace is generated for a small subset of potentially harmful interactions 
and may not be a sound measure for overall accuracy. The low number 
of warnings supports this argument. A contrasting explanation may be 
that in the current game design the warnings themselves act as scaf-
folding, immediately improving performance. A design that captures 
mistakes without displaying feedback to the player would allow further 
distinction between these assumptions. Hypothesis 1b, stating that sys-
tematicity in approach is related to overall performance, was supported. 
Our findings are in line with Lee et al. (2019), who demonstrated that 
experts in the abcdeSIM game work more systematically compared with 
novices. Low systematicity can be used as an indicator to trigger scaf-
folding aimed to support the learning of cognitive strategies. Finally, 
thoroughness, reflected by using diagnostic tools, is associated with 
improved performance. This finding supports hypothesis 1c, signifying 
that this measure can be considered a valid indicator of performance and 
has potential to guide scaffolding design. Although randomly requesting 
an increased number of diagnostic investigations cannot be considered 
good clinical practice, the target population appears to use this option 
with care and only when a specific diagnosis is being considered. 

We found that monitoring, measured by use of the in-game checklist, 
predicted overall performance. This finding confirms hypothesis 2a, 
consistent with previous research showing that self-monitoring im-
proves mental model development in GBL (Riemer & Schrader, 2016). 
Furthermore, checklist use was less beneficial for students displaying 
higher systematicity. These students likely already follow a 
well-developed structured approach, decreasing the need to use the 
checklist as task support (Bulu & Pedersen, 2012). From these findings, 
we infer that they need less second-order scaffolding regarding the use of 
tools and resources for the ABCDE method. For hypothesis 2b, 
help-seeking using the in-game telephone was not associated with per-
formance. Possibly, help-seeking behaviours were adequate but did not 
result in improved performance because the scripted responses were not 
specific enough to the students’ questions. Additionally, help-seeking 
may have occurred outside of the game. 

Hypothesis 3a was confirmed, showing that global SRL was posi-
tively related to overall performance. As such, global SRL can be seen as 
a valid indicator of performance to inform second-order scaffolding. 
Previous research supports that a high global self-regulative level in 

Table 2 
Beta coefficients for student experience, interaction traces, and SRL measures.     

95% CI  

β SE (β) LL UL p 

(Intercept) 644.53 68.25 516.26 772.96 n/a 
Measures of student 

experience      
Live experience with the 
ABCDE method 

78.95 57.85 − 24.27 184.87 .185 

Attempt at specific scenario 45.24 15.44 14.82 73.88 .004 
** 

Total time spent practicing 27.77 22.51 − 12.15 69.6 .227 
Behavioral traces of 

performance      
Low accuracy − 30.39 18.24 − 67.63 4.05 .099 
Systematicity 40.88 18.62 7.11 77.82 .030 * 
Thoroughness 37.73 18.44 3.37 76.39 .043 * 

In-game behavioral traces of 
SRL      
Monitoring 44 17.69 12.72 78.89 .015 * 
Help-seeking − 11.79 16.5 − 44.14 19.03 .477 
Interaction Systematicity x 
Monitoring 

− 26.44 12.54 − 50.65 − 2.74 .038 * 

Global SRL      
MSLQ score 53.85 21.24 15.72 93.11 .020 * 

Context-specific SRL      
Overall level of context- 
specific SRL 

2.48 12.41 − 20.04 24.66 .843 

*p < .05. 
**p < .01. 

Table 3 
Indicators for scaffolding and appropriate scaffolding strategies.  

Indicator Scaffolding 

Accuracy Provide just-in-time procedural information, e.g. ‘This 
instrument can be used to …” 

Systematicity Provide video modeling examples, following up with 
finishing given incomplete solution  
Apply training wheels principle: constrain learners to 
perform each phase in the task in the right sequence, not 
proceeding until the previous phase is completed  
Provide feedback, e.g. “Remember, the steps are A-B-C-D-E. 
It seems you aren’t following this order.”  
Provide a more elaborate or non-optional checklist as 
process support, including steps on the level of the different 
phases  
Encourage use of the checklist 

Thoroughness Provide detailed task supports, including steps on subtask 
level  
Display feedback on task completeness, e.g. using real-time 
visualizations 

Help-seeking Encourage students to use the help-seeking tools, for 
example by more prominent placement or additional 
instruction prior to playing  
Prompt the learner to ask for help, for example after 
completing a specified part of the task or gaining new 
information 

Monitoring “Push” the monitoring tool (e.g. place the checklist in plain 
sight or prompt the player to use it)  
Show a video explaining how to use the monitoring tool  
Provide feedback, e.g. “You didn’t use the checklist a lot. Try 
to use it every time you think you are done with one of the 
ABCDE phases." 

Context-specific SRL 
level 

During gameplay, prompt students on specific SRL strategies 
to apply 

Global SRL level Provide learning materials on SRL skills, such as goal- 
setting, planning, and monitoring. In a video, demonstrate 
how these principles are applied in the game.  
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medical students is associated with success in clinical skills (Cho et al., 
2017). Hypothesis 3b could not be confirmed, as we found no associa-
tion between the level of SRL skill displayed in the context and overall 
performance. Thus, measures yielded by microanalysis do not seem to be 
valid performance indicators for making scaffolding decisions in this 
game. It is possible that the skill we investigated, applying the ABCDE 
method, is too complex to allow SRL measurement using microanalysis. 
In contrast, most studies demonstrating a significant relationship be-
tween SRL-MA and performance have focused on tasks such as studying 
a text, making basketball throws, or drawing a blood sample Cleary & 
Sandars, 2011; Cleary et al., 2006; Durning et al., 2011 Gandomkar 
et al., 2016). In clinical reasoning tasks, results have been mixed (Artino 
et al., 2014; Cleary et al., 2016; Leggett, 2016). 

Our results indicate that systematicity in approach, thoroughness of 
performance, in-game monitoring and a high global SRL level are valid 
indicators of performance. Using the indicators identified in this study, 
several adaptive scaffolding options can be implemented, as suggested 
in Table 3. Most studies that have found positive effects of adapting 
feedback, time pressure, or task selection in GBL have investigated 
adapting the game to the overall performance or the performance of 
specific subtasks (Denisova & Cairns, 2015; Min et al., 2014; Serge et al., 
2013). In contrast, this study investigated specific indicators mapped to 
a model of skills acquisition. While this is a strength of our study, our 
findings should be considered in light of some limitations. 

Firstly, the generalizability of our results on SRL-MA as a measure of 
context-specific SRL is limited, because SRL-MA was only performed 
during the lab sessions and not the sessions played at home. As such, we 
measured the student’s SRL for the game context, instead of measuring 
the SRL applied in each specific scenario. Visual inspection of the data 
for the separate lab sessions and specific questions did not suggest cor-
relations between the level of SRL and performance either, however, this 
subset of the sample is likely too small to allow detection. We did find 
that SRL-MA did not disrupt game-play and had high interrater reli-
ability in the game context. Researchers who wish to further investigate 
the potential of SRL-MA as an indicator for second-order scaffolding in 
GBL should measure across a large number of tasks, assessing SRL and 

performance for each task. In addition, research on the application of 
SRL-MA for learning in different complex skills would elucidate the 
specific contexts in which this tool may be used. 

Another limitation of our study is the sample’s representativeness. 
With 31% of participants having experience in real-life emergency care, 
a high interest in the subject was present in the sample. The voluntary 
recruitment may have resulted in the selection of students who are more 
motivated to learn about emergency care, more often pursue related 
extracurricular activities, and consequently perform better in the game. 
Analyzing datasets yielded from mandatory participation in GBL will 
counter this limitation. In addition, the large data loss caused by tech-
nical issues may have caused selection bias. We cannot exclude the 
possibility that less motivated students forgot to properly close their 
sessions or, on the other hand, that session time-outs occurred for stu-
dents who took time to study following the in-game feedback. As such it 
is difficult to hypothesize the impact of the data loss on our findings. 
Finally, we have looked at indicators of performance in novice learners. 
For expert learners, research should determine which indicators are 
valid. As these practitioners are more likely to operate from well- 
developed routines and mental models, different indicators may be 
necessarry, for instance speed and cognitive load. 

Our study is limited to game-based learning, and the recording of 
interaction trace data is currently restricted to computer-based learning 
environments. Collecting trace data of live simulation training or real- 
life practice may become possible in the future using artificial intelli-
gence technology combined with video recordings, similar to AI tech-
nologies being developed to support decision making in the operating 
theatre (Gordon et al., 2019). The generalizability of our results to 
different settings such as live simulation training or real-life practice 
should be investigated further. 

Additionally, we were limited to using the interaction traces already 
embedded in the game. We advise future researchers to design and 
incorporate in-game traces in the stage of game development, using a 
top-down approach with distinct attention to the different aspects of 
performance and the SRL skills that influence decision-making in the 
game environment. 

Fig. 2. Interaction Between Monitoring and Systematicity for Overall Performance 
Note. Effect of monitoring (i.e. checklist use) on overall performance, measured by game score, is shown for different levels of systematicity. Bands represent 95% 
confidence intervals. 
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A final limitation of this study pertains to the criterion measure. 
Ultimately, we are looking to gain insight into learning through game- 
based technology. However, in this study, our criterion measure was 
overall game performance. Using the gap between observed perfor-
mance and ideal performance, we aimed to identify opportunities for 
learning, where scaffolding interventions may be applied. Although we 
assume that effective learning eventually increases performance, effec-
tive performers’ behaviours can be different from those observed in 
effective learners. Learning may call for more exploration, reflection, 
and intentional mistakes while improving one’s score relies on swiftly 
taking only correct actions (Westera et al., 2014). For example, 
Buijs-Spanjers et al. (2019) describe different effects of ‘normal play’, 
intended to perform well at the task, and ‘dark play’, intended to worsen 
the patient’s condition. Both types of play resulted in learning gains. 
Another study found that more failures before initial success predicted 
greater learning gains than time on task (Anderson et al., 2018). 
Considering this, students focusing on their score may follow a different 
learning path compared to students focusing on learning the underlying 
principles. Especially in open GBL environments, optimal learning may 
require different strategies, including strategies that impair immediate 
task performance. For future research, we recommend that an assess-
ment of learning separate from the game is conducted, preferably by 
looking at longitudinal learning gains. This could be done by evaluating 
mental models (Riemer & Schrader, 2016; Serge et al., 2013; van der 
Spek, 2011), using a validated assessment, such as a manikin-based 
scenario (Dankbaar et al., 2014; Motola et al., 2013), or, if possible, 
by assessing the application of the skill in a real-life situation. This can 
shed more light on the association of learning gains with different 
playing strategies, for example by examining large datasets of GBL 
interaction traces, using a machine learning approach, or by using 
context-specific SRL measures, including think-aloud protocols and cued 
retrospective reporting. 

To conclude, we have identified valid indicators of performance and 
SRL in a medical emergency simulation game. Systematicity in approach 
and thoroughness of performance can be regarded as valid behavioural 
indicators of overall performance, and as such can be incorporated into 
an algorithm to guide first-order scaffolding. Regarding second-order 
scaffolding, a greater capacity for learner self-regulation in the game 
is indicated by in-game monitoring and a high global SRL level. These 
indicators can be considered promising candidates for developing 
adaptive in-game support. We have suggested several matching scaf-
folding responses. A natural progression of this work is to establish 
whether adapting scaffolding based on indicators that represent specific 
deficits in knowledge or self-regulatory strategies can increase the 
effectiveness of game-based learning. 
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