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1. Introduction

Serious games have gained prominence in education and training
(Loh et al., 2015; Squire, 2006), with research increasingly exploring
their potential for learning (Laamarti et al., 2014). A serious game is
broadly defined as a digital game created not with the primary purpose
of pure entertainment but with the intention of serious use in training
and education (Loh et al., 2015; Squire, 2006). Learning success within
serious games has been linked to factors such as backstory and pro-
duction, realism, interaction, feedback and debriefing, as well as the
integration of artificial intelligence and adaptivity into the serious game
(Ravyse et al., 2017). Only recently, artificial intelligence (AI) has been
linked with serious games (Tolks et al., 2024). For instance, AI ap-
proaches enable advanced game-play architecture and the creation of
Non-Playable Characters (NPCs) with more sophisticated behaviours
and decision-making abilities (González-Calero&Gómez-Martín, 2011).

While factors like adaptivity and artificial intelligence integration
enhance game-based learning (Aydin et al., 2023; Ravyse et al., 2017),
the use of serious games for assessment remains limited (Ge et al., 2021;
Kim & Ifenthaler, 2019; Smith et al., 2015).

Unlike traditional assessments, serious games generate rich game-
play data that can inform real-time performance analysis (Loh & Sheng,
2014). AI can further enhance this potential by enabling advanced game
mechanics and personalised feedback (González-Calero &
Gómez-Martín, 2011; Hildmann, 2024).

Despite successful implementations in various fields, for instance,
programming, physics, mathematics, computational thinking, logic, and
health (Boyle et al., 2016), the application of serious games assessment
in nursing education and their workplace is nascent (Sánchez-Valdeón
et al., 2023; Sánchez-Valdeón et al., 2023; Thangavelu et al., 2022;
Thangavelu et al., 2022).

Hence, this study will explore and improve the understanding of

adaptive serious game assessment approaches in nursing education at
the workplace. More precisely, this study investigates whether gameplay
data accurately reflects player interaction and whether an adaptive
assessment algorithm can effectively identify different competence
levels during gameplay, comparing its results to a traditional game
score.

1.1. Serious games assessment

Serious games were first formally defined in Clark Abt’s 1970s book
“Serious Games” (Abt, 1970). The term originated from the author’s
game development, focusing on simulation games for skills acquisition.
Since then, there have been several attempts to define serious games. For
instance, Abt (1987, p. 9) broadly suggests that serious games “have an
explicit and carefully thought-out educational purpose and are not
intended to be played primarily for amusement”. Zyda (2005, p. 26)
defines serious games linked to use cases as “mental contests played with
a computer in accordance with specific rules that uses entertainment to
further government or corporate training, education, health, public
policy, and strategic communication objectives”. The definition by Rit-
terfeld et al. (2009, p. 3) addresses the multiple objectives of serious
games “as involving fun, as well as being educational, engaging, im-
pactful, meaningful, and purposeful”. Hence, serious games are a
still-emerging field where (mostly) digital games are supposed to use
sound learning theories and learning design principles to support
learning processes and foster learning outcomes. In a widely cited
meta-analysis, Clark et al. (2016) report that serious games had a
moderate to strong effect on improving overall learning outcomes,
including cognitive and interpersonal skills, compared to non-game
conditions.

Serious games offer a dynamic learning environment to assess
various skills, knowledge, and competencies more engagingly and
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interactively compared with traditional assessment methods
(Caballero-Hernández et al., 2017). Serious games are being imple-
mented to assess cognitive abilities and problem-solving skills (Sánchez
& Olivares, 2011), decision-making processes (Loh et al., 2016),
emotion regulation (Jerčić & Sundstedt, 2019), or teamwork
(Vlachopoulos & Makri, 2017). These games often provide real-time
feedback, allowing educators to gauge a student’s progress more effec-
tively. Further, a significant benefit of serious games assessment is the
capacity to interact with real-world scenarios. This enables learners to
apply their knowledge and skills in practical situations, providing a
more authentic assessment. For instance, serious games are used in the
health sciences to assess a learner’s ability to handle complex medical
situations (Kitchen & Humphreys, 2014; Tsopra et al., 2020). Moreover,
serious games allow assessments to be tailored to specific learning ob-
jectives or competencies (Ge & Ifenthaler, 2017).

However, when it comes to serious games assessment, Ifenthaler
et al. (2012) argued that implementing assessment features into serious
games is slowly progressing because it adds a very time-consuming step
to the design process of serious games. Several distinguishing features of
assessment with serious games have been proposed and are widely
accepted: (a) game scoring, (b) external assessment, and (c) embedded
assessment with serious games (Ifenthaler et al., 2012). Caballer-
o-Hernández et al. (2017) confirm that game scoring and embedded
assessment combined with external assessment have been most
frequently used in serious games. An additional feature includes ana-
lytics of game data, specifically denoted as serious games analytics (Loh
et al., 2015). Serious games analytics converts learner-generated data
into actionable insights for real-time processing and decision-making.
Metrics for serious games analytics include learner-generated game
data (e.g., time spent, obstacles managed, goals or tasks completed,
navigation patterns, social interaction, etc.) (Ge & Ifenthaler, 2017;
Ifenthaler, 2015; Loh et al., 2015).

Similarly, Shute (2011) recommends using automated data collec-
tion and analysis technologies, i.e., stealth assessment, to reduce edu-
cators’ efforts by managing learners’ artifacts while also gathering
evidence of learners’ competency states. Further, reflecting on the work
of serious games and assessment over a period of ten years, Kim and
Ifenthaler (2019) suggested that the field of serious games and assess-
ment can greatly benefit from the application of data analytics, from the
design process to classroom implementations. However, it is a challenge
to implement data analytics in serious games such that they are
grounded in theory and practice, technically sound, and beneficial for
learners and educators. Still, recent research has seen advances in
serious games embracing data analytics opportunities
(Alonso-Fernández et al., 2019).

1.2. Serious games in nursing education

Nursing education plays a pivotal role in preparing future healthcare
professionals to meet the evolving challenges in healthcare
(Nunn-Ellison et al., 2023). In recent years, significant advancements in
nursing education have emerged, such as refined pedagogical ap-
proaches, the integration of evidence-based practices into curricula, as
well as technological advancements, such as virtual or augmented re-
ality (Mendez et al., 2020) and serious games (Gu et al., 2022). Hence,
current advances in nursing education have successfully implemented
student-centred and interactive approaches, such as serious games,
which foster opportunities for authentic, experiential, and simulated
clinical practice scenarios that encourage problem-solving and
decision-making skills (Stuckless et al., 2014).

Implementing serious games in nursing education follows various
objectives, such as developing communication skills, professional atti-
tudes, ethical and legal awareness, as well as “the development of
nursing competency in management of nursing care, clinical reasoning
skills, procedural skills, legal practice and quality improvement”
(Thangavelu et al., 2022, p. 9). There is a wide variety of serious games

use cases in nursing education, including general management of clin-
ical situations (Fonseca et al., 2015), coping with interpersonal conflict
situations (Zeffiro et al., 2021), as well as more specific clinical prac-
tices, such as cardiopulmonary resuscitation (first aid key survival
technique) (Boada et al., 2015) or safe administration of blood trans-
fusion (Tan et al., 2017). Still, Sánchez-Valdeón et al. (2023) document
in their recent systematic review that there is little scientific evidence for
using serious games in nursing education.

Still, assessment practices in serious games for nursing education
strongly focus on external assessments. For instance, Mitchell et al.
(2021) investigated the effect of a serious game about influenza among
nursing students using a self-report pre- and post-test survey approach.
Blanié et al. (2020) explored the impact of a serious game on nursing
students’ clinical reasoning skills, which were assessed by script
concordance tests immediately after playing the game. Another rando-
mised control trial study by Farsi et al. (2021) found knowledge and
skills related to cardiopulmonary resuscitation using a knowledge
questionnaire and an appraisal checklist. Verkuyl et al. (2017) assessed
nursing students’ paediatric knowledge, self-efficacy, and satisfaction
using standardised (self-report) instruments. Further, Tan et al. (2017)
administered multiple (pre- and post-test) instruments to assess partic-
ipants’ knowledge of blood transfusion, the confidence level of the
participants in performing the blood transfusion procedure, and per-
formances in the safe administration of the blood product and in
responding to a transfusion reaction.

Accordingly, even with the advancements in serious games for
nursing education, there is a lack of adaptive assessment methodologies
and serious games analytics in practice, as well as a shortage of rigorous
evidence concerning the conditions of successful implementation of
serious games assessments in nursing education.

1.3. Overview of the present study

The context of the present study is a serious game that functions as an
assessment environment for blood transfusion administration among
practising nurses of a large health institution. Assessments on core
nursing skills, such as blood transfusion administration, are routinely
conducted within such health institutions as a regulatory requirement
and for quality assurance (Hall et al., 2008). By converting a face-to-face
assessment to a serious game, the assessment practice could be stand-
ardised, providing learning opportunities for nurses who may not have
the chance to experience it in a natural clinical environment and
reducing human resources and time required for assessing the nurses at
regular intervals. Further, to establish an unobtrusive assessment during
game-play (Shute, 2011), the study thought to implement mechanics of
embedded assessment enabling real-time adaptation and feedback dur-
ing individual steps of the serious game (Kovanovic et al., 2023).

Specifically, the study investigates whether gameplay data accu-
rately represents player engagement and activity within a serious game,
considering varying gameplay durations and activity levels. Addition-
ally, it examines the ability of an adaptive assessment algorithm to
effectively differentiate between player competence levels during
gameplay while considering algorithm processing speed. Finally, the
research compares the accuracy of the embedded game score and the
adaptive assessment algorithm in determining player competence levels.
The following research gaps identified guided the three research ques-
tions of the present study:

Aster et al. (2024) recently presented a systematic review identifying
serious game design elements in medical education. Yet, the findings
highlight the absence of assessment elements and a deeper under-
standing of players’ interactions. Hence, our current investigation is
unique for this particular blood transfusion serious game and related
assessments, as no previous empirical evidence exists. Therefore, our
first aim of this study is to investigate whether gameplay data can
accurately reflect users’ interaction with the serious game and their
engagement in related gameplay activities, while considering the
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variability in both the duration of gameplay sessions and the scores
achieved in game activities.

From a technical perspective, serious games use traditional
embedded game scoring mechanisms to identify a player’s possible
learning progress and outcomes (Kim & Ifenthaler, 2019; Oranje et al.,
2019). In contrast, implementations of adaptive assessment algorithms
(Spray& Reckase, 1996; Vos& Glas, 2009) and the use of gameplay data
(J. Kang, Liu, & Qu, 2017; J. Kang, Liu, & Qu, 2017) highlight the
advanced opportunities for fast and accurate decision-making as well as
just-in-time feedback in serious games assessments. However, robust
findings on the feasibility of embedded game scoring and an exclusively
developed adaptive assessment algorithm for identifying learners’ ex-
pected competence level in this particular blood transfusion serious
game are lacking. Hence, our second aim is to determine whether the
adaptive assessment algorithm can accurately identify varying levels of
user competence throughout gameplay, while taking into account the
speed at which the algorithm reaches its final decision.

Last, previous research identified the strengths and weaknesses of
traditional game scoring for assessment purposes (Thangavelu et al.,
2022) and algorithmic approaches (Loh et al., 2016). Yet, a deeper un-
derstanding of different approaches in real-world settings in nursing
education is lacking and robust findings for this particular blood trans-
fusion serious game are equally needed. Consequently, our third aim is
to provide valuable insights into the relative strengths and weaknesses
of each approach and reflect on the relationship between the results
obtained from the embedded game score and the adaptive assessment
algorithm, particularly in relation to their final decisions regarding the
user’s competence level.

1.4. Research questions

1. Do gameplay data reflect interaction with the serious game and
related gameplay activities, considering the variability in duration of
gameplay and game activity scores?

2. Does the adaptive assessment algorithm identify different levels of
competence during gameplay, considering the speed of the algo-
rithm’s final decision?

3. Is there a relationship in results between the embedded game score
and the adaptive assessment algorithm concerning the final decision
of competence level?

2. Material and methods

2.1. Blood transfusion serious game

The adminstration of blood products is one of the core competences
of a registered nurse (RN) practising in Singapore. Reassessment of of
thoses competences is conducted every year within the participating
health institution as part of regulatory requirement and for quality
assurance.

Traditionally, RNs are required to complete an online learning
module, including the theoretical understanding of blood components,
blood typing, cross-matching, indications and contraindications for
transfusion, risks and complications associated with transfusions,
transfusion reactions, and safety protocols, as well as the institution’s
policy on administering blood and blood products. In addition, nurses
are assessed on their competencies in performing safe and accurate
blood transfusions administrations, through in-person synchronous
assessment involving supervised blood transfusions in clinical settings.
Hence, the conduct is resouce intensive, inefficient and challenging as
blod transfusions are infrequent in some clinical settings.

Accordingly, blood transfusion administration involves several
interrelated phases: blood group cross-matching, patient preparation,
blood collection, pre-transfusion and post-transfusion nursing care
(Bediako et al., 2021). One of the common and detrimental effects of this
life-saving treatment is adverse transfusion reactions, in which

preventable human error is the top reason (Lancaster et al., 2021).
Hence, the safety and management of blood transfusion largely depend
on nurses’ knowledge and skills to ensure that the blood administration
is coordinated, closely monitored, and adheres to the institution’s blood
transfusion guidelines (Lancaster et al., 2021).

The Blood Transfusion Serious Game (BTSG) follows the institutions’s
competency standards and competency indicators linked to blood
transfusion. Accordingly, the BTSG includes seven stages of game-play,
each including multiple actions and required sub-actions to successfully
demonstrate competence in blood transfusion (see Fig. 1). The game
activities (GA) within the BTSG can be freely selected and repeated at
will and there is no time limit within which to complete the game.

Each stage has been assigned a game activity score (GAS), which has
been defined and validated by a panel of experienced practitioners
regarding the expected competence level of a successful blood trans-
fusion administration. The player could earn a total of 110 GAS. Stage 1
(20 GAS) asks the player to collect the patient’s blood for GXM (Group&
Cross Match) investigation. Actions include preparing requisites, iden-
tifying the correct patient, collecting the specimen, filling the GXM form,
labelling the specimen, and dispatching the blood. Stage 2 (9 GAS) ex-
pects a thorough check of the documents required to proceed with a
blood transfusion. Actions include checking for a prescription, checking
the GXM and ordering blood, as well as checking the consent form. Stage
3 (8 GAS) consists of the set-up of the blood box. Actions involve iden-
tifying correct objects and preparing the blood box in the correct order.
Stage 4 (3 GAS) expects the player to set up the COW (Computer On
Wheels) for blood transfusion. Actions require the placement of an
infusion set and kidney dish on the COW. Stage 5 (16 GAS) involves
checking the patient’s identity and matching the patient’s blood group
with the blood unit number. Actions include identifying the correct
patient, matching the patient’s blood group and blood unit number, and
checking the blood bag. Stage 6 (27 GAS) asks the player to conduct the
blood transfusion. Actions include patient education, preparing the pa-
tient, and connecting blood to the patient. The final Stage 7 (27 GAS)
involves ending the transfusion and monitoring the patient. Actions
required include disconnecting the blood transfusion, checking the pa-
tient’s vital signs, and performing regular visual inspections on the
patient.

Each of the seven stages must be completed in succession to allow the
participant to re-enact the correct steps in blood transfusion adminis-
tration. The participant is deemed to practice competent upon the suc-
cessful completion of all sven steps in succession. All participants who
played the BTSG successfully completed the game eventually and were
deemed as practice competent. The analysis of final decision was based
on each game play and should not be confused with the actual imple-
mentation of BTSG whereby participatns were required to repeat the
game play untl successful completeion of all seven steps in succession.

2.2. Data set and participants

There are approximately NRN = 2200 registered nurses employed in
the health institution who were reassessed for their competency of blood
transfusion via the serious game. The data were collected under the
health institution’s guidelines and principles for human subjects. The
initial BTSG data set includes a total of NDR = 24,501 rows of gameplay
actions. An exploratory analysis of the initial BTSG data set identified
several data-related issues that needed to be resolved before further
analysis, including inconsistencies (e.g., unrealistic gameplay duration,
i.e., less than 20 s and more than 1 h of gameplay; no action taken) and
missing data. After cleaning the data set, a total of NDR = 19,213 rows of
gameplay actions remained. This final data set includes NRN = 902
unique players (i.e., registered nurses).

2.3. Adaptive assessment algorithm

The proposed adaptive assessment algorithm is based on the
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Sequential Probability Ratio Test (SPRT), a frequently utilised algorithm
in Adaptive Mastery Testing (AMT) systems. SPRT follows a decision
matrix to decide which one of two hypotheses is more correct (Wald,
1947). Such algorithms enable AMT systems to select and present the
most appropriate assessment items to individual learners compared to
an expected standard or predefined benchmark (Parshall et al., 2002;
Spray& Reckase, 1996). According to Frick (1990), SPRT algorithms are
less complex and more practical for implementation as well as require
less time for rendering decisions. Implementing the SPRT algorithm
requires several steps (SPRT-Step), which shall be outlined in the
following (an example is included in the spreadsheet as a separate file).
The algorithm’s settings can be adjusted to meet more strict or less strict
assessment criteria. Such adjustments may be compared in A/B tests to
achieve high validity of the competence assessment. Four steps have
been applied for implementing the adaptive assessment algorithm: (1)
Prior knowledge configuration; (2) Probability settings; (3) Probability
ratio; and (4) Final decision. The algorithmic steps are described in
detail below.

2.3.1. SPRT-step 1: prior knowledge configuration
Setting the initial configuration of the prior knowledge. If no infor-

mation about the prior knowledge of a specific competence (e.g., prior
knowledge test, prior game-play results) of the learner is available, the
probability ratio for correct/incorrect is kept equal (master = .5/non-
master = .5) - > Case A (PriKMaster-correct = .5, PriKMaster-incorrect = .5 and
PriKNon-Master-correct = .5, PriKNon-Master-incorrect = .5). In other cases,
where the prior knowledge is known, or a previous assessment result of a
specific competence is available (e.g., a scenario of the game has been
completed), the probability ratio can be adjusted (based on the prior
knowledge, e.g., Master = .85/Non-Master = .15) - > Case B (PriKMaster-

correct = .85, PriKMaster-incorrect = .15 and PriKNon-Master-correct = .40, Pri-
KNon-Master-incorrect = .60).

2.3.2. SPRT-step 2: probability settings
This step is iterative for every change in the assessment process, i.e.,

information from previous assessment states are reflected in the settings.
In Example 1 (see spreadsheet), we assume that the assessment result of
the first assessment task is incorrect. The Prior Probability (PreP) includes
the constant value from the prior knowledge configuration (only for the
initial question). In other cases, the Prior Probability (PreP) consists of
the information from the previous assessment state, i.e., Posterior Prob-
ability (PosP) (see Examples 2, 3, etc.). The Conditional Probability (ConP)

is obtained from the prior knowledge configuration. The Joint Probability
(JoiP) is calculated as JoiP = PreP * ConP. The sum of joint probability
(JoiPTotal) is required to calculate the Posterior Probability (PosP), i.e., the
Sum of JoiP = Σ(JoiPMaster + JoiPNon-Master). The Posterior Probability
(PosP) is calculated as PosPMaster = JoiPMaster/JoiPTotal or PosPNon-Master
= JoiPNon-Master/JoiPTotal. The Posterior Probability (PosP) functions as
Prior Probability (PreP) in the following sequence of the assessment
process (see blue boxes and arrows marking the transition below).

2.3.3. SPRT-step 3: probability ratio
This step determines the Probability Value (ProV) and compares it

with specified thresholds (i.e., Upper Threshold and Lower Threshold).
Based on the comparison, a decision toward the competence achieved is
made (see also Step 4): 1. Participant is Master, i.e., no more assessment
items needed – competence demonstrated; 2. No decision yet, i.e.,
additional assessment items required; 3. A participant is Non-Master, i.
e., the competence cannot be demonstrated because of too many errors
(incorrect answers) made already.

The Probability Value (ProV) takes into account the response to the
assessment tasks (test item). This can be correct, i.e., the task is solved or
incorrect, i.e. the task is not solved. The number of correct (NCR) or
incorrect (NIR) responses is accumulated through the iterative steps of
the overall assessment sequences. ProV is calculated as follows:

ProV=((0,5*(PriKMaster-correct) ˆNCR)*(1- PriKMaster-correct)N̂IR))

/ ((0,5*(PriKNon-Master-correct) ˆNCR)*(1- PriKNon-Master-correct)N̂IR))

The upper threshold (UT) and lower threshold (LT) are based on the
Alpha- and Beta-Error values (following normal distribution). These
values can be adjusted in order to meet more strict or less strict assess-
ment criteria. The standard values include Alpha = .025 and Beta =

.025. The upper threshold is calculated as UT = (1-Beta)/Alpha, e.g., UT
= 0,975/0,025 = 39. The lower threshold (LT) is calculated as LT = Beta/
(1-Alpha), e.g., LT = 0,025/0,975 = 0,02564.

Master is achieved if the Probability Value (ProV) is higher than the
Upper Threshold (UT). If the Probability Value (ProV) is between the Upper
Threshold (UT) and Lower Threshold (LT), new assessment items need to
be presented. If the Probability Value (ProV) is below the Lower Threshold
(LT), Non-Master is determined, and the test can be ended.

2.3.4. SPRT-step 4: final decision (master/non-master)
The final step includes deciding on the competence level after all

Fig. 1. Screen capture of the Blood Transfusion Game (BTSG).
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assessment items have been solved. Decisions include being Master, i.e.,
being competent, or Non-Master, i.e., competence not demonstrated per
game play. This decision is based on the Upper Threshold (UT) obtained
after completing the required number of assessment tasks. If the Prob-
ability Value (ProV) is higher than the Upper Threshold (UT), the decision
is Master (i.e., competence demonstrated). If the Probability Value (ProV)
is between Upper Threshold (UT) and Lower Threshold (LT), a decision
cannot be made yet, i.e., an additional assessment task is needed. If the
Probability Value (ProV) is smaller than Lower Threshold (LT), the deci-
sion is Non-Master (i.e., competence not demonstrated).

2.3.5. Summary of the applied algorithm
The SPRT algorithm follows a four-step approach, considering the

learner’s prior knowledge and their performance on assessment tasks. If
no prior knowledge is available, the system starts with a neutral
assumption about the learner’s competence. As the learner completes
tasks, the system updates its assessment based on their answers (correct
or incorrect). This allows the system to determine if the learner has
mastered the competence, needs more assessment, or has not demon-
strated the competence. Depending on the application, pre-defined
thresholds can be adjusted to trigger the algorithmic decisions.

2.4. Procedure

The health institution, together with a software company, co-
developed the BTSG as a competency assessment tool for blood trans-
fusion administration among registered nurses. The game design
included subject matter experts from the health industry, software de-
velopers, data scientists, and researchers with data science and learning
science backgrounds. The game activities were designed to match the
above-mentioned competency indicators. Several standardised game
scoring metrics were implemented, for example, duration of gameplay,
interaction with game objects, or results of game activities. In addition,
the adaptive assessment algorithm was implemented to predict whether
competence is being demonstrated (Master) or not (Non-Master). For the
purpose of this algoirthm, ’competence’ refers to game-related data and
scores across all seven stages of the BTSG.

Following the piloting of the game prototype, the BTSG was intro-
duced in the health institution as an alternative assessment approach
regarding the blood transfusion competence of RNs. The BTSG (see
Fig. 1) was implemented on an adopted learning management system on
a secure server of the health institution, following industry standards in
health education software development (Palominos et al., 2021). Inpa-
tient registered nurses were provided with detailed information about
the BTSG and its related assessment approach, as well as a secure link
and login credentials to access the BTSG.

After successfully logging into the BTSG, the participants received an
introduction related to blood transfusion, the seven stages of game-play,
and the gameplay activities required. In addition, participants were
informed about the assessment approach and its function as competence
alternative competence testing. During gameplay, the BTSG enabled
participants to freely select and repeat the game activities (i.e., assess-
ments) at will. The participants received an in-depth debriefing related
to their demonstrated competence, including the gameplay data and
areas of improvement related to blood transfusion (Roungas et al.,
2021).

The data collection covered a period of three months. After
concluding the data collection, the data was extracted from the BTSG
database and pre-processed by filtering redundant data as well as
cleaning the dataset. Following the data-protection practice of the
health institution’s ethics review committee, all data were stored and
analysed using an anonymised procedure. This data-protection practice
did not allow for the combination of gameplay data with other person-
identifying data collected outside of the BTSG.

2.5. Data analysis

An initial feature selection process was conducted in order to reduce
the number of variables in the dataset, i.e., only variables related to the
research questions were processed and analysed. From a data science
perspective, this feature selection process increases the computational
efficiency of statistical procedures and algorithms as well as facilitates
the interpretability of the analytics results (Romero et al., 2011). Next, a
feature engineering approach was applied (Slater et al., 2017), which
helped create new variables required to answer the research questions.
The final set of variables are presented in Table 1.

Normal distributions and homogeneity of variances of variables were
examined for inferential statistics procedures. All effects were tested at
the .05 significance level, and effect size measures were computed
where relevant. Data were analysed using r Statistics version 4.3 (https:
//www.r-project.org) and Python version 3.12 (https://python.org).

2.6. Ethical statement and data availability

This study was approved by the health institutions ethics review
committee (No. 2023/2330), and participants provided informed con-
sent. The privacy rights of all participants were strictly observed. They
were protected by hiding their personal information during the research
process. They knew that participation was voluntary and that they could
withdraw from the study at any time. There is no potential conflict of
interest in this study. The data can be obtained by sending request e-
mails to the corresponding author.

3. Results

3.1. Insights from gameplay data (research question 1)

We began our analyses by examining the gameplay data from the
BTSG. A total of 19,213 gameplay activities were executed throughout
the project period of three months. Participants spent 67,465 min
interacting with the BTSG, with an average duration per gameplay ac-
tivity of M = 3.51 min (SD = 2.95).

Table 2 shows the gameplay data for each of the seven stages of the
BTSG, including the duration per gameplay activity [DUR] and the game
activity score [GAS]. The Kolmogorov-Smirnov one-sample tests found
significant interindividual differences among the participants in each of
the seven stages for the duration of gameplay [DUR] and the game ac-
tivity score [GAS] (see Table 2).

One-way ANOVA revealed significant differences in duration of
gameplay [DUR], F(6, 19,206) = 1459.21, p < .001, Eta2 = .323, and for
the game activity score [GAS], F(6, 19,206) = 7403.50, p < .001, Eta2 =

.704, between the different stages (see Table 2 for descriptive statistics).
Tukey-HSD test was conducted to determine the source of the differ-
ences. As shown in Table 3, only a few pairwise comparisons did not
reveal a significant difference between the stages for DUR and GAS.

In addition, the gameplay data included the game result [GAR],

Table 1
Variables in alphabetical order included in the data analyses.

Variable [Abbreviation] Computation rule Scale
level

Duration [DUR] timestamp_end – timestamp_start ratio
Stage [STA] ​ nominal
game activity score

[GAS]
sum of gameplay activity score ratio

game result [GAR] required number of competeny indicators
achieved

nominal

Adaptive assessment
decision [AAD]

number of gameplay activities to reach a
decision (Master/Non-Master)

ratio

Adaptive assessment
result (AAR)

final decision of SPRT nominal

Comparison [COM] similarity between GAR and AAD nominal
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which denotes if a game activity achieved the required competency in-
dicator. In 46% of game activities, participants achieved the required
competence indicators, while 54% of game activities did not demon-
strate the required competency indicator. Specifically, 96% of game
activities in stage 4 (96%) achieved the required competency indicator,
followed by stage 3 (66%), stage 5 (50%), stage 2 (48%), stage 7 (34%),
stage 1 (31%), and stage 6 (30%).

A logistic regression was performed to ascertain the effects of dura-
tion [DUR] and game activity score [GAS] on the likelihood that the
game result will be successful (competency indicator demonstrated) or
failure (competency indicator not demonstrated). The logistic regression
model was statistically significant, Chi-Square = 2026.38, df = 2, p <

.001. The model explained 13.4% (Nagelkerke R2) of the variance in
game score [GAS] and correctly classified 67.2% of cases. Duration
[DUR] and game activity score [GAS] are significant at p < .001 (DUR,
Wald = 1350.09, p < .001; GAS Wald = 490.01, p < .001). The odds
ratio for DUR is OR = .99 (95% CI .99–.99), and for GAS, the corre-
sponding figures are OR = 1.07 (95% CI 1.07–1.08).

To sum up, in relation to research question 1, the insights from
gameplay data indicate a high number of gameplay activities
throughout the different stages of the BTSG. Further, gameplay activ-
ities, duration of gameplay, and gameplay score varied significantly
between the seven stages of the BTSG. In addition, the game activity
score identified almost half of the game activities demonstrating the
required competency indicator, while duration and game activity score
are significant predictors.

3.2. Performance of the adaptive assessment algorithm (research question
2)

In order to understand the effectiveness of the adaptive assessment
algorithm, we investigated its overall performance. It required an
average of M = 6.27 (SD = 4.47) gameplay activities to determine a final
algorithmic decision: Master (i.e., competence demonstrated) or Non-
Master (i.e., competence not demonstrated). Additionally, the algorithm

could not reach a final decision for some gameplay activities and clas-
sified it as Undecided.

Table 4 shows the performance of the adaptive assessment algorithm
for each of the seven stages of the BTSG. The Kolmogorov-Smirnov one-
sample tests found significant interindividual differences among the
participants in each of the seven stages of the adaptive assessment de-
cision [AAD] (see Table 4). For stage 1, the AAD indicated that 84% of
gameplay activities reached a final decision Master (i.e., competency
indicator demonstrated). In comparison, 11% of gameplay activities
reached a final decision Non-Master (i.e., competency indicator not
demonstrated). For 5% of gameplay activities, no decision (undecided)
could be achieved. The AAD decisions for stage 2 to stage 7 have been
computed as follows: Stage 2, Master = 70%, Non-Master = 14%, Un-
decided = 16%; Stage 3, Master = 73%, Non-Master = 3%, Undecided =

24%; Stage 4, Master = 0%, Non-Master = 1%, Undecided = 99%; Stage
5, Master = 74%, Non-Master = 15%, Undecided = 11%; Stage 6,
Master = 70%, Non-Master = 30%, Undecided = 0%; Stage 7, Master =
83%, Non-Master = 17%, Undecided = 0%.

One-way ANOVA revealed significant differences in adaptive
assessment decision [AAD], F(6, 19,206) = 3039.26, p < .001, Eta2 =

.487, between the different stages (see Table 4 for descriptive statistics).
Tukey-HSD test indicated significant differences in all pairwise com-
parisons between the stages for AAD, p < .001.

A logistic regression was performed to determine the effects of
duration [DUR], game activity score [GAS], and adaptive assessment
decision [AAD] on the likelihood that the adaptive assessment result
[AAR] (final decision of SPRT being Master vs. Non-Master). The logistic
regression model was statistically significant, Chi-Square = 1559.54, df
= 3, p < .001. The model explained 15.4% (Nagelkerke R2) of the
variance in adaptive assessment result [AAR] and correctly classified
84.0% of cases. Duration [DUR], game activity score [GAS], and adap-
tive assessment decision [AAD] are significant at the p < .001 (DUR,
Wald = 73.39, p < .001; GAS Wald = 1220.08, p < .001; AAD Wald =

130.51, p < .001). The odds ratio for DUR is OR = .99 (95% CI .99–.99).
For GAS, the corresponding figures are OR = 1.18 (95% CI 1.17–1.19),
and for AAD, the reported odds ratio is OR = .93 (95% CI .92–.94).

To sum up, in relation to research question 2, the adaptive assess-
ment algorithm demonstrated varying levels of effectiveness across
different gameplay stages. While it could quickly identify mastery in
early stages, its decision-making process became more complex and
time-consuming as the game progressed. The algorithm’s performance
was significantly influenced by factors such as gameplay duration, ac-
tivity score, and the specific stage of the game.

3.3. Relationships in results between the embedded game score and the
adaptive assessment algorithm (research question 3)

Table 5 shows a comparison of decisions concerning the competency
indicators for the seven stages between the game result [GAR] and
adaptive assessment result [AAR]. The Phi coefficient revealed a sig-
nificant moderate positive relationship between game result [GAR] and
adaptive assessment result [AAR] (Φ = .31, df = [degrees of freedom], p

Table 2
Gameplay data separated by stages of the BTSG.

Gameplay
data

BTSG stage
(SUM of game
activities)

M SD Min Max KS-Z

Duration
[DUR]

1 (4546) 258.06 163.19 20 1914 .147***
2 (2868) 142.34 126.83 20 2664 .186***
3 (2327) 46.38 43.40 20 1105 .272***
4 (1642) 61.57 94.69 20 1853 .330***
5 (2456) 217.32 129.92 20 2238 .144***
6 (3600) 319.41 187.21 20 2999 .150***
7 (1774) 323.49 182.36 20 3192 .130***

Game activity
score [GAS]

1 14.31 3.24 0 19 .249***
2 7.48 2.19 0 9 .285***
3 7.14 1.41 0 8 .393***
4 2.91 .40 0 3 .526***
5 12.47 3.28 0 16 .274***
6 20.66 4.90 0 26 .230***
7 19.81 7.36 0 27 .308***

Note. DUR = gameplay duration seconds; GAS = points achieved; KS-Z =

Kolmogorov-Smirnov one-sample test; *p < .05; **p < .01; ***p < .001.

Table 3
Post-hoc analysis of gameplay data separated by stages of the BTSG.

Gameplay data Pairwise BTSG stage comparison

1–2 2–3 3–4 4–5 5–6 6–7

Duration [DUR] p <

.001
p <

.001
p =

.022
p <

.001
p <

.001
p =

.963
Game activity score

[GAS]
p <

.001
p =

.026
p <

.001
p <

.001
p <

.001
p <

.001

Table 4
Performance of the adaptive assessment algorithm.

BTSG
stage

M SD Min Max KS-Z

Adaptive assessment
decision [AAD]

1 5.46 2.58 0 20 .441***
2 4.73 2.37 0 9 .364***
3 3.84 2.16 0 8 .465***
4 .03 .29 0 3 .529***
5 8.59 4.03 0 15 .322***
6 11.14 4.73 0 26 .197***
7 6.76 3.24 0 25 .315***

Note. AAD = number of gameplay activities required for final decision; KS-Z =

Kolmogorov-Smirnov one-sample test; *p < .05; **p < .01; ***p < .001.
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< .001). Out of the 16,084 gameplay activities analysed, identical
classifications were found for AAR and GAR as follows: N = 2443
(competence not achieved) and N = 6871 (competence achieved).
However, N = 6770 classifications were not identical, indicating that N
= 6463 classifications of competence achieved by GAR were classified
by AAR as competence not achieved. In contrast, N = 307 classifications
of competence achieved by AAR were classified by AAR as competence
not achieved.

To sum up, in relation to research question 3, the performance of the
adaptive assessment indicator provides a quick decision regarding the
demonstration of a specific competency indicator. Yet, the adaptive
assessment and game results vary considerably throughout the seven
stages of the BTSG. However, the classification bias appears to stem from
the gamer result [GAR], as this indicator classified a considerable
number of gameplay activities as having the competence achieved. In
contrast, the adaptive assessment results [AAR] classified those game-
play activities as having the competence not achieved.

4. Discussion

This study was conducted to explore the implementation of a serious
game for blood transfusion administration and an adaptive assessment
algorithm for transforming the conventional face-to-face assessment for
practising nurses in a large health institution. The game-embedded
assessment mechanics allowed for unobtrusive assessments during
gameplay (Shute, 2011). The current findings may further nurture the
potential of AI for adaptive competence assessment in serious games.
Further, the adaptive assessment algorithm elucidates the viability of
assessing learners’ expected competence levels throughout various in-
teractions within the game setting (Kovanovic et al., 2023) and provides
opportunities for (near) real-time adaptation and feedback mechanisms
within the serious game (Loh et al., 2015).

4.1. The findings related to the gameplay data

The analysis of gameplay data from the BTSG has shown several
insights into the participants’ engagement and performance, as well as
demonstrated competency indicators across the seven stages of the
serious game. The practising nurses displayed considerable engagement
with the BTSG, evidenced by the substantial number of gameplay ac-
tivities conducted over the three-month project duration. The average
interaction time per gameplay activity highlighted a consistent level of
involvement across various stages of the BTSG. However, it is essential
to note the significant variability in duration per gameplay activity
indicated differing levels of immersion or focus among the practising
nurses (Divjak & Tomić, 2011; Eseryel et al., 2014). Similarly, the
achievement of required competency indicators varied substantially
across the seven stages, with stage 4 demonstrating the highest success
rate (96%) and stages 6 and 7 showcasing the lowest rates (30–34%).
This variance suggests varying levels of complexity of the BTSG (Li et al.,
2019). In addition, this variation may also be an effect of the partici-
pant’s prior knowledge or proficiency (Yang et al., 2021). Further, the
logistic regression model provided insights into the factors influencing
competency indicator achievement. Both duration (DUR) and game
activity score (GAS) emerged as significant predictors. A longer duration
per activity was associated with a slightly reduced likelihood of

achieving competency indicators (OR = .993), whereas a higher game
activity score increased the odds (OR = 1.07). This implies that while
spending more time might not necessarily lead to better performance
(Carini et al., 2006; Flowerday & Shell, 2015; Ifenthaler et al., 2020), a
more productive and engaged gameplay, as reflected in the activity
score, positively influences the demonstrated competences.

Accordingly, the findings emphasise the dynamic nature of engage-
ment and performance within the BTSG. Understanding the variability
in engagement across game stages and its impact on demonstrated
competency indicators is crucial for optimising the serious game design
(Ge & Ifenthaler, 2017).

4.2. The findings related to the adaptive assessment algorithm

As outlined in the study, the adaptive assessment algorithm’s per-
formance highlights its efficiency in determining competency indicators
through gameplay activities. Our results are comparable with previous
implementations of the SPRT algorithm (Spray & Reckase, 1996; Vos &
Glas, 2009). On average, the implemented adaptive assessment algo-
rithm required approximately six gameplay activities to render a final
decision, categorizing the practising nurses as demonstrating the com-
petency indicator or not. This fast decision-making capability is note-
worthy, although the presence of undecided classifications in a subset of
activities signals areas where the algorithm faced challenges in reaching
conclusive determinations (Kandula et al., 2011). The significant vari-
ability observed across the seven stages of the BTSG indicates fluctuating
levels of demonstrated competency indicators. Hence, the significant
interindividual differences among practising nurses at each stage of the
game underscore the need for adaptive assessments, which are tailored
to individual performance trajectories (Thangavelu et al., 2022).

Noteworthy, the comparison between the game result (GAR) and
adaptive assessment result (AAR) highlighted discrepancies in classi-
fying competency indicators. While a moderate positive relationship
existed between GAR and AAR, a considerable number of classifications
differed between the two approaches. Notably, the adaptive assessment
algorithm categorised several gameplay activities of the practising
nurses as having the competency indicator not demonstrated, contra-
dicting the embedded game result. This discrepancy suggests a potential
bias in the embedded game result towards overestimating competence,
while the adaptive assessment algorithm tended to be more conservative
in its final decisions.

4.3. Implications

Various implications can be taken from this study’s findings that
could help advance nursing education further by utilising adaptive
serious games assessment. First, the study highlights the adaptive
assessment algorithm’s strengths in quick competency assessment but
also highlights the need for refinement to align more closely with
observed gameplay performances. Addressing discrepancies and un-
derstanding the sources of bias between assessment methods could
enhance the adaptive assessment algorithm’s accuracy and reliability in
determining competency indicators (Baker & Hawn, 2021). Second,
implementing adaptive assessment algorithms requires significant re-
sources, including trained personnel, advanced technology, and possibly
time-consuming data analysis. This raises questions about
cost-effectiveness and whether these resources could be more benefi-
cially allocated to other initiatives in nursing education (Blanié et al.,
2020). Still, advancements in nursing education are continuously
shaping the preparation of future nurses, equipping them with the
competences needed to navigate the complexities of healthcare (Farsi
et al., 2021; Sánchez-Valdeón et al., 2023). Third, while adaptive
assessment algorithms aim to elicit the practising nurses’ unique
strengths and weaknesses, they may inadvertently reinforce a narrow
view of learning (Mirata et al., 2020). Accordingly, such adaptive
serious games assessment could sideline the importance of the

Table 5
Cross table showing a comparison of game result [GAR] and adaptive assessment
result [AAR] (N = 16,084).

Adaptive assessment result [AAR]

0 1

Game result [GAR] 0 2443 307
1 6463 6871

Note. 0 = competence not achieved; 1 = competence achieved.
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complexities of nursing education, neglecting critical thinking and
social-emotional awareness. As a result, practising nurses may feel
pressured to perform well within an adaptive serious games assessment,
limiting their individuality and diverse talents (Yue & Jia, 2023).
Furthermore, the constant adaptation of assessments might hinder the
development of resilience and perseverance in practising nurses
(Sánchez De Miguel et al., 2023). In a constantly adapted game envi-
ronment, practising nurses might miss out on the opportunity to struggle
with challenging problems, learn from failures, and build resilience, all
of which are crucial for real-world success (Palominos et al., 2021).
Fourth, implementing adaptive serious games assessment raises con-
cerns about data privacy and equity (Ifenthaler & Schumacher, 2016;
Mutimukwe et al., 2022). These environments often collect vast
amounts of data to adapt the learning and assessment experiences.
However, this sensitive information can pose risks if not handled ethi-
cally or securely (Li et al., 2023; Mutimukwe et al., 2022; Viberg et al.,
2022). Last, with the advances of generative AI (GenAI), new opportu-
nities for developing, developing, and implementing serious games
arise. Further, game interactions and assessments may be advanced
through GenAI, such as text-based responses to player interactions and
elaborated feedback throughout gameplay related to the advances of
specific competences (Mao et al., 2023). Hence, AI provides a compre-
hensive array of resources to enhance serious games’ design, delivery,
and effectiveness. Nevertheless, it is of the utmost importance to care-
fully consider potential biases and ethical implications to guarantee
serious games’ inclusivity and educational purpose.

4.4. Limitations

This study is not without limitations. First, the study involves a
specific group of registered nurses from a conveniently selected health
institution. The findings might not be generalisable to a broader popu-
lation of nurses or across different healthcare settings, potentially
limiting the external validity (Campbell & Stanley, 1963). In addition,
due to the strict ethical and data protection regulations, the participants’
individual data could not be included and processed in the analyses. This
includes the participant’s demographic information, for instance, years
of practice, job description, or personal characteristics, which may
function as co-variates in the analyses conducted (Karami et al., 2017).
Second, while serious games aim to replicate real-world scenarios, the
game-based learning environment might lack the complexity or nuances
of actual clinical settings. This could impact the transferability of com-
petency indicators demonstrated in the BTSG to real-life situations.
Third, the generalisability of the adaptive assessment algorithm might
be limited. Hence, while the SPRT algorithm appears to be efficient, it
might have limitations in capturing all dimensions of competency in-
dicators or might perform differently when applied to different contexts.
Alternative data analytics methods may include Bayesian Knowledge
Tracing (BKT), which models the probability of a learner’s mastery of a
competence based on their sequence of responses to items (i.e., game
activities). BKT has effectively modelled how learning progresses over
time (Scruggs et al., 2023). Another data analytics approach could uti-
lise the Multidimensional Item Response Theory (MIRT), which could
handle multiple latent traits (i.e., competency indicators) simulta-
neously (Kang et al., 2023). Fourth, the data collection period of three
months might not capture long-term trends or changes in competency
indicators development over extended periods. A longitudinal study
duration could offer a more comprehensive perspective of practising
nurses’ learning trajectories and competence development. Fifth, the
presented study did not include a follow-up or verification process, for
instance, an outside text to assess if the competency indicators demon-
strated in the game translate into improved performance in real clinical
settings.

5. Conclusion

The integration of AI and serious games provides a distinctive modus
operandi for the investigation of human behaviour and social in-
teractions within a structured and motivating setting. Specifically,
adaptive assessment algorithms in serious games offer opportunities for
nursing education through tailored tests to individual competences.
Accordingly, such approaches present an engaging and scalable envi-
ronment for evaluating competences across various domains in the
healthcare industry. The opportunity to immerse in real-world sce-
narios, provide immediate feedback, and cater to individual differences
makes adaptive serious games assessment a promising avenue for
enhancing nursing education. Yet, ongoing research is needed to refine
these serious game environments and related adaptive assessment al-
gorithms to ensure their effectiveness, reliability, and validity at
acceptable cost as well as under ethically justifiable use of data.
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González-Calero, P. A., & Gómez-Martín, M. A. (Eds.). (2011). Artificial intelligence for
computer games. Springer. https://doi.org/10.1007/978-1-4419-8188-2.

Gu, R., Wang, J., Zhang, Y., Li, Q., Wang, S., Sun, T., & Wei, L. (2022). Effectiveness of a
game-based mobile application in educating nursing students on flushing and
locking venous catheters with pre-filled saline syringes: A randomized controlled
trial. Nurse Education in Practice, 58, Article 103260. https://doi.org/10.1016/j.
nepr.2021.103260

Hall, L. W., Moore, S. M., & Barnsteiner, J. H. (2008). Quality and nursing: Moving from
a concept to a core competency. Urologic Nursing, 28(6), 417–425. https://www.pr
oquest.com/scholarly-journals/quality-nursing-moving-concept-core-competency/
docview/220151041/se-2.

Ifenthaler, D. (2015). Learning analytics. In J. M. Spector (Ed.), The SAGE encyclopedia of
educational technology (Vol. 2, pp. 447–451). Sage.

Ifenthaler, D., Eseryel, D., & Ge, X. (2012). Assessment for game-based learning. In
D. Ifenthaler, D. Eseryel, & X. Ge (Eds.), Assessment in game-based learning.
Foundations, innovations, and perspectives (pp. 3–10). Springer. https://doi.org/
10.1007/978-1-4614-3546-4_1.

Ifenthaler, D., Gibson, D. C., & Zheng, L. (2020). Attributes of engagement in challenge-
based digital learning environments. In P. Isaias, D. G. Sampson, & D. Ifenthaler
(Eds.), Online teaching and learning in higher education (pp. 81–91). Springer. https://
doi.org/10.1007/978-3-030-48190-2_5.

Ifenthaler, D., & Schumacher, C. (2016). Student perceptions of privacy principles for
learning analytics. Educational Technology Research & Development, 64(5), 923–938.
https://doi.org/10.1007/s11423-016-9477-y
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