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Abstract: Game Learning Analytics (GLA) is the collection, analysis and visualization of player interactions within
serious games. This interaction provides valuable insights into learning outcomes at the expense of a massive
amount of data collected and complex analysis procedures. Instead of collecting detailed player interactions within
serious games, we propose to capture only the outcomes of each serious game. That is, was the game goal achieved,
what was the cost of achieving the game goal and what knowledge or resources did the player need for achieving
the game goal? The focus of our GLA is on evaluative indicators (time and effort in achieving the game goal) col-
lected over multiple game sessions and multiple players. Such a collection of game outcomes would enable us to
observe performance improvements of players who solve the same game in order to optimize performance and
also to determine learning outcomes of single players, learning outcomes of a cohort of players and learning out-
comes of how a player relates to the other players in a cohort. From serious games we want to find out who has
specific knowledge and skills in order to use learning patterns. First, to improve operational performance. Second,
to identify individuals who may successfully handle any emergency situations based on skills obtained from playing
serious games. Third, to identify useful serious games with respect to training.

Keywords: Game Learning Analytics; Serious Games; Interactive Dashboards; Scoring Metrics; Virtual Reality; Cog-
nitive Acuity

1. Introduction

The primary purpose of Serious Games (SGs) is educational [1,2]. SGs have clear applications in emergency
management, transportation, education, health care and defense. One of the authors (N.B.) has also applied serious
games in areas of engineering design of remote power systems [3]. SGs have become a standard educational tool
to train individuals who work in hazardous environments. It is important to understand the learning and skills
obtained by players from SGs. This may be facilitated through game learning analytics (GLA). GLA is the collection,
analysis and visualization of player interactions within SGs [4].

At ACDSA 2025 (International Conference on Artificial Intelligence, Computer, Data Sciences and Applications),
we introduced Serious Game Scoring (SGS), an objective evaluation that determines the performance of a player
given the methodology/process used to achieve the game goal. SGS has multiple objectives [3]. The first objective
is to predict players’ performance based on experience obtained from playing serious games. A second objective is
to evaluate players’ performance using meaningful metrics. A third objective is to evaluate players’ methodology to
complete the game. The purpose of SGS is not just to obtain high performance within a game but to relate a player’s
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performance to real-world tasks that require skills improved or obtained from playing relevant serious games [5].

An implementation of GLA for SGS will allow analysis with regard to the effectiveness of game design, player
learning and usefulness of the specific scoring mechanism. We will implement an analytics dashboard that displays
reports of serious games outcomes in a tabular format and a visual format in the form of graphs. Such a dashboard
would allow for visualization of learning outcomes, allowing us to identify players with specific knowledge and
skills. We baptized this dashboard as “Spectrum”. Spectrum is meant to be user-friendly with a low barrier to entry
and be used by data scientists, players and examiners.

GLA may be obtained by using Experience API for Serious Games (xAPI-SG) [4,6,7]. XAPI-SG has been developed
to collect general information from SGs. A consequence is that a single game may first produce large quantities of
data collected (verbs, activity types and extensions) and second, the data collected may be hard to analyze since it
may or may not be quantitative. An alternative would be to collect the outcome of a game represented by SGS. When
using SGS for game analysis, it would enable us to understand players’ learning by using SGS’s multiple dimensions.
That is, we could understand player performance, process used, experience obtained, cost of obtaining the game
goal and other dimensions important to the game [5].

By collecting SGS of multiple players in a single repository, it would enable us to determine learning outcomes
of single players, learning outcomes of a cohort of players and learning outcomes of how a player relates to a cohort
of players. Having access to a collection of SGS for specific games will enable us to determine the knowledge and
skills that players possess and also lack. If we lack the required knowledge and skills, would it be possible to obtain
them by playing new SGs while using Spectrum to identify player progress [8]?

Baker and Siemens (2014) divide learning analytics into five main categories: prediction, structure discovery,
relationship mining, discovery with models and visualization. Their paper is one of the classic papers that influence
research and development in game learning analytics [9]. Their identification of the five main categories of learning
analytics may help developers implement effective GLA. GLA developers may ask themselves if their implementa-
tion fits within any of the five categories.

Scheneider and Lemons (2020) present a Systematic Literature Review (SLR) on the use of learning analytics
interactive dashboards in serious games with regard to viewing educational data. They examine the evolution of
interactive dashboards used in investigative studies and the effectiveness of algorithms and data visualizations. An
attempt is made to understand learning processes and relationships between instructors, players, game developers
and researchers [10].

Alonso-Fernandez et al. (2021) introduce an evidence-based process used to improve the assessment of play-
ers by using their interaction data. xAPI-SG provides a systematic collection of player interactions within serious
games. The collection of player interactions is used to build prediction models that will assess new players’ capabil-
ities based on their interactions within a game [11]. There are several drawbacks. First, predictor models require
large amounts of player interaction data for a game. Second, games must be validated. Player interaction needs to
be standardized. Player interaction is also game-specific. A consequence of using game-specific interaction leads
to the third drawback being that the predictor model is game-based.

Alonso-Fernandez et al. (2022) continued their work on GLA in order to provide a generic framework of
evidence-based assessment for serious games. It is argued that capturing player interaction using a standard data
format is essential for GLA. A standard data format of GLA allows for the creation of visualization tools where play-
ers’ interaction can be explored and assessed to be desirable and contribute to learning. The evidence-based as-
sessment approach will determine if the player’s actions lead to learning outcomes [12].

Ismayilzada et al. (2025) provide a literature review of GLA in VR Environments. Their conclusions prevent
generalization due to the small sample size of studies used in their literature review. Also using GLA in VR appears
to be arelatively new field. VR is used mostly for entertainment; however, serious games are starting to be available
for VR. The use of GLA along with the use of interdisciplinary approaches and diverse analytical tools is encouraged.
Nevertheless, the use of GLA in enhancing serious games for VR is encouraged [13].

2. Materials and Methods

Our implementation of GLA using SGS will be based on evaluating a VR maze game that we refer to as “simple
maze game” exhibited in Figure 1. The simple maze game has a single path with no cycles. The player needs to
find a path through the maze only by seeing the walls in front of them. In other words, the player will never have
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a bird’s-eye view of the entire maze, but only a field of view of the current location within the maze. It is based
on this field of view that the player must move forward to the next location and determine if this decision gets the
player closer to the goal or backtracks and tries again. The player may play the game multiple times with the hope
of finding a path and then replaying in order to optimize game-play performance [14,15]. Our simple maze game
is designed to evaluate performance based on the theory of cognitive acuity. Our simple maze game tests memory,
reasoning, focus and concentration and also self-awareness [16]. Memory is tested since the player may solve the
game by playing it multiple times and memorizing the path. Reasoning is used in order to determine if a partial
path gets the player closer or further away from the solution. A player needs to focus on obtaining a solution. This
solution may not be optimal. A player needs to concentrate and play the game multiple times in order to optimize
performance. Self-awareness is tested by detecting if player bumps into walls and does not apply excessive force to
game controllers or violent head movements.

(b) ()

Figure 1. Simple maze game: (a) Start maze resolution by teleporting onto the red square; (b) Navigate through
teleportation with the use of the VR controller; (c) Navigate is difficult since spaces are tighter. Expert players need
to avoid collisions with walls.

The simple maze game exhibited in Figure 1, has commonality with emergency egress. Emergency egress
refers to a safe and unobstructed exit route from a building during an emergency such as a fire [17]. Ubieto-Artur,
Asion-Suner and Garcia-Hernandez promote domestic fire safety through fire drills in virtual environments where
safe behavior is tested. Finding your way through a building is similar to solving a maze. We find these virtual fire
drills very similar with regard to skills gained from our maze. First, a player must find a route through the maze
that is equivalent to exiting a building, and second, the player must not collide with any of the walls in the maze,
which is equivalent to acting safely during the virtual fire drill.

Analytics capabilities are designed into the game from the very beginning [18]. When the player solves the
maze, the score (or SGS) is calculated and automatically uploaded to a server. As the player plays the game multiple
times, itis hoped thatlearning occurs and the player’s score becomes optimal. From all scores belonging to a player,
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alearning model may be obtained by analyzing the KEPT score and CEKPT score (optimal score). KEPT and CEKPT
scores are SGS concepts that we presented in our paper at ACDSA 2025. The KEPT score is more complex when
examined in detail. First, the KEPT score may be divided into two categories: i-KEPT or initial KEPT score and b-
KEPT or baseline KEPT score. This is necessary due to the following fact. When you play a game for the first time,
you achieve the game goal, but you may violate some of the game rules. This is your i-KEPT score. The b-KEPT score
is the first score that you achieve without violating the game rules. This means that learning occurred (you learned
how to play the game without breaking the rules) between the i-KEPT score and the b-KEPT score. Further learning
occurs between the b-KEPT score and CEKPT score. This learning represents an optimization that occurred with
regard to the game solution.

Our implementation of SGS for the simple maze game will have four dimensions: cost, effort, safety and expe-
rience. The metrics used are intrinsic to the outcome of the game. Details are described in Table 1.

Table 1. SGS dimensions implemented in a simple maze game.

SGS Dimension Measurable Dimension Unit

Cost Time Seconds

Effort Teleportations An integer representing the total teleportation count

Safety Collisions An integer representing total collisions with walls

Experience A ratio composed of historical SGS dimensions Ratio of the total number of maze resolutions over the total cost of maze resolutions

Since we are not interested in game details but the final outcome of a game, our LAM should not be overwhelm-
ing nor hard to analyze. Our analytics results are based on KEPT which is well defined (knowledge, experience,
processes and tools used in solving a game). This also results in analytics results that are easy to understand [19].
For a single player playing a game, we can display game outcomes in a tabular format sorted by time. A simple
examination will allow the determination of the b-KEPT (baseline) score and CEKPT (optimal) score.

Our infrastructure is designed to be secure and available 24 /7 to gamers, examiners and data scientists. Spec-
trum is designed as a service and built using Python and Flask. It has a secure user interface where players, ex-
aminers and data scientists may log into, search for game results and generate reports [20]. In other words, Spec-
trum provides a dashboard web application that provides results in a tabular format or visually through various
graphs/charts. You can find details with regards to accessing Spectrum in Appendix A.

Spectrum may be used by any game (in our case, the simple maze game) over the internet using a RESTful
API. The maze game runs on a Meta Quest 2/3 headset. The maze game connects to the internet and may consume
Spectrum’s RESTful API to upload game results. Once game results are uploaded to Spectrum, they are automatically
inserted into a relational database. The database server is secure and is not accessible to the outside world. Only
Spectrum has access to the database server. In turn, the application server that runs the Spectrum is protected from
the internet by a firewall. This is exhibited in Figure 2.

Access Spectrum
using a web browser

. Database
G
L

Application Server
Firewall running Spectrum

=<
g &

Player solving VR Maze game
using a standalone visor
connected to the Spectrum
over the internet

Figure 2. Spectrum GLA infrastructure.
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Game scores are stored in a relational database (in our case, PostgreSQL). Spectrum uses SQLAlchemy to re-
trieve data from the database and operates upon it by storing it in memory using instances of dataclasses. Data-
classes reduce boilerplate code and are useful for modeling data. Instances of dataclasses may be used by Pandas
through DataFrames. The LAM is created by our analytics engine built with Pandas and SciPy. Visualization of
analytics results is provided by tables and Matplotlib. Tables help understand game outcome details, while visual-
ization gives an overall representation of results. Matplotlib visualization makes it easy to analyze and understand
data trends and relationships. SciPy is used to support regression analysis and its result is visualized in a Matplotlib
chart. This is exhibited in Figure 3.
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Figure 3. Regression plots for all players for the simple maze game.

3. Results

Table 2 presents a summary of key findings with regard to implementing GLA through the use of SGS. These
key findings will be elaborated in this section and the discussion section.

Table 2. Summary of key findings with regard to GLA and SGS.

Finding Summary Explanation
Player history A player’s history may be viewed, exhibited in Figure 4.
Game History Players who successfully completed the game may be observed.
. A player’s maze resolution capabilities may be viewed on multiple metrics: cost, effort, and safety
Cost of learning per player ;
experience.
Usage of serious games per player Can observe what games were played by which players.

Important milestones such as i-KEPT, b-KEPT and CEKPT scores may be viewed without looking at the
overall history (see Figure 5).

Validate serious games GLA can validate if a game facilitates learning.

SGS implementation may be validated to determine if they are appropriate for evaluating serious games
and player learning.

Analysis of a single player or a cohort of players

Validate scoring mechanism

Spectrum provides a player’s history of game sessions. This history may be used in two ways. First, we can
identify players that learn with a low cost, players that learn with a reasonable cost and players that learn at higher
costs. Second, we can use a player’s history to evaluate the usefulness of a serious game. This can be achieved by
identifying expert players in one type of serious game. We can use these expert players to test the new serious
game. If these players exhibit learning on the new serious game, then the game is valid. Furthermore, the rate of
learning or cost of learning can be examined in order to identify deficiencies and recommend improvements for the
new serious game.

Analytics in Spectrum go beyond the simple reporting of scores and completion times. By capturing KEPT
and CEKPT metrics across multiple play sessions, Spectrum allows us to identify how learning occurs in stages
and whether improvements are the result of genuine cognitive gains or repeated practice. For example, if a player
demonstrates rapid improvement between i-KEPT and b-KEPT but plateaus when attempting to reach CEKPT, this
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may indicate that basic rules were quickly understood but optimization strategies were not fully developed. Such
patterns become valuable in differentiating between procedural knowledge acquisition and higher-order skill mas-
tery.
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Advanced Search
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Figure 4. Search results for the simple maze game of a single player; ‘player1”.
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Figure 5. SGS results for the simple maze game of all players in a tabular format.

Another critical feature of analytics in Spectrum is its ability to classify learning costs. Players who achieve
baseline and optimal performance with fewer attempts are categorized as low-cost learners, whereas those requir-
ing many repetitions are high-cost learners. This classification provides a nuanced understanding of efficiency in
learning processes. Low-cost learners may be ideal candidates for advanced training, while high-cost learners can
be studied to identify barriers that impede progress. By analyzing collision frequency, maze resolution time, and
score evolution simultaneously, Spectrum presents a comprehensive picture of performance rather than isolated
data points.

Furthermore, analytics can be aggregated at the cohort level. By comparing learning curves across groups, ed-
ucators can validate whether a serious game itself promotes consistent knowledge transfer. If a majority of players
display a similar trajectory of improvement, the game can be considered effective in teaching its intended outcomes.
On the other hand, if performance varies widely, design elements may need refinement to ensure inclusivity and
fairness. Spectrum thus transforms analytics into a diagnostic tool: it not only assesses individuals but also high-
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lights the effectiveness of game mechanics themselves. This dual capacity is delivered in evaluating both learner
and learning environment which reinforces the role of analytics as a cornerstone of Serious Game Scoring.

GLA should be useful. For example, our regression plots represent an oversimplification of our game where
an independent variable is analyzed to a dependent variable. A game may be influenced by multiple independent
variables. This is where analysis may start and continue with SGS visualizations. Another issue is that the game
trials should express confidence. At the bottom of Figure 6, we have the experience plot where we total up all
game metrics such as teleportations, maze resolution time, collisions and games played. What we want is a high
game session total (Games Played) with a low collisions (Total Collisions). This may be used for solving mazes
where we optimize resolution time (lower time is better) or teleportations used (fewer teleportations are better)
in maze resolution. Appendix B offers a brief discussion on useful and useless metrics with regards to GLA.

Serious Game Scores (optimized for time)

m— iKEPT
W bKEPT
CEKPT

playerl@torontomu.ca

test@vrherosim.com

gaz@torontomu.ca

qal@torontomu.ca

Serious Game Scores (optimized for teleports)

m— iKEPT
W bKEPT
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playerl@torontomu.ca

ga2@torontomu.ca
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Figure 6. Serious Game Scores for all players for the simple maze game.
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4. Discussion

When examining analytics for a single player, Spectrum provides granular insight into that individual’s tra-
jectory of learning and skill acquisition. By tracing i-KEPT, b-KEPT, and CEKPT scores across multiple sessions, it
becomes possible to evaluate how efficiently a player internalizes game rules, reduces errors such as collisions,
and optimizes their navigation strategy. Over time, such data can reveal whether improvements are the result of
memorization, strategy adaptation, or enhanced dexterity. However, the true strength of the analytics framework
emerges when this single-player history is compared within a cohort. By comparing an individual’s progress rela-
tive to peers, we can distinguish between personal learning styles and generalizable patterns of performance. For
instance, if a player consistently lags behind a cohort despite repeated attempts, this may indicate the need for
targeted feedback or adaptive difficulty adjustments. Conversely, a player who outperforms the cohort may serve
as a benchmark for validating the effectiveness of new game mechanics or instructional design. Thus, analytics al-
lows us to understand not only isolated performance but also how individuals interact and align within a broader
learning community.

The effectiveness of a serious game is best measured through demonstrable improvements in learning out-
comes [21]. In the case of the simple maze game, learning can be demonstrated by reductions in maze resolution
time, fewer collisions, and a gap between baseline and optimal scores. Wider gaps are preferred over narrower
gaps since gap magnitude may be linked to optimization magnitude. These performance markers suggest that a
player has not only memorized solutions but also used cognitive skills such as reasoning, spatial awareness, and
concentration. Spectrum’s analytics allow educators and researchers to distinguish between superficial success
(e.g., memorization without transferable skills) and deeper learning (e.g., problem-solving that can extend to new
contexts). For training domains such as emergency response or healthcare, this distinction is critical. If serious
games are to be more than digital drills, their design must lead to skills that persist beyond the game itself. There-
fore, SGS provides a framework for verifying if serious games foster real knowledge acquisition, adaptability, and
resilience. These are qualities essential for professional application in high-stakes environments.

Serious Game Scoring (SGS) contributes significantly to validating not just the player but also the game itself
[21]. A well-designed SGS framework does more than track points; it operationalizes performance into measurable
dimensions such as cost of learning, efficiency of methodology, and adaptability under constraints. This multi-
dimensionality ensures that SGS captures the nuances of both learning and gameplay quality. For example, if Spec-
trum consistently shows that even expert players plateau early in a game, it may indicate design flaws that limit
learning progression. On the other hand, a smooth gradient of improvement across i-KEPT, b-KEPT, and CEKPT
suggests that the game scaffolds learning effectively. Furthermore, SGS enables cross-comparison across differ-
ent games, allowing developers to assess which game structures yield more meaningful learning. Ultimately, SGS
provides a dual validation mechanism: it certifies the competence of a player while simultaneously ensuring the
instructional integrity of the serious game. In this way, SGS evolves from a scoring tool into an evaluation standard
for serious game design.

Spectrum and SGS are limited in scope by design. This is due to the availability of resources (financing and
time, and development skills). Spectrum and SGS facilitate evaluations of a single-player game, specifically the VR
maze game (exhibited in Figure 1). Furthermore, the maze game is simplified through its design, a maze with a
single path and no cycles. A consequence of game simplification is that SGS may evaluate player performance using
a smaller number of measurable dimensions.

Our argument for Spectrum ( our GLA implementation) is performed on procedure and not official game trials.
Spectrum'’s implementation has been aided by best practices, especially by Baker and Siemens. As stated in the
introduction section, Baker and Siemens divided learning analytics into five main categories. Spectrum implements
four of these categories: structure discovery, discovery with models, relationship mining (it is a proof of concept
as of the time of writing this article), and visualization. Spectrum does not compete but complements xAPI-SG.
Spectrum is an analytics platform for SGS. Spectrum does not capture player interactivity (when a player makes a
turn or when a player backtracks) while playing the game. This may be performed by xAPI-SG.

Over the next three months, we will begin our official game trials. The official game trial will involve solving
three mazes. The simplest maze has been referred to as a VR maze game exhibited in Figure 1. There will be a maze
of medium difficulty that has a single path with no cycles. The medium difficulty maze will be twice as large as the
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simplest maze. The medium difficulty maze may be solved by memory alone; however, this maze will begin to stress
test your cognitive acuity. There will be a difficult maze that has a path, but there will be cycles. This maze test will
continue to test your cognitive acuity further than the medium difficulty maze. Memory alone will not be enough to
solve this maze. To solve this maze, ideally, an algorithm will need to be implemented by the player. Each player will
have a maximum of 15 attempts to solve each maze. If a player solves all three mazes, then their cognitive acuity
is good. Learning cost can be obtained by comparing the number of successful maze resolutions to the total game
time.

Spectrum brings us a step closer to creating smart serious games. Suppose an agent could examine a player’s
score, identify deficiencies and suggest in what areas the player may improve. Suggestions may be procedures or
strategies to be used for game play. Then such an agent would turn SGS and Spectrum into a smart serious game.

Currently, maze games can be scored using SGS using Spectrum. It would be desirable to score serious games
with practical scenarios representing emergency management, transportation, education, health care and defense.
In the near future we will ask why a player has a better score than other players. Based on our current infrastructure,
we do not have the data to answer this question. If we were to use xAPI-SG, then we would have a player’s game
details. These details may be compared with other players in order to determine the difference. It is this difference
that may explain why a player has a better score than other players.

5. Conclusions

Spectrum allows us to see the results of a player’s game session. This history may be summarized by simply
providing a player’s i-KEPT, b-KEPT and CEKPT score. Based on this score we can categorize a player as a beginner,
proficient or expert for a specific serious game [22]. Spectrum has also been effective in refining our scoring strategy
(SGS). After ACDSA 2025, we examined M.M. (denoted by player1 in Figures 4-6) game game-playing history using
Spectrum. We noticed that KEPT represented two components: an initial score referred to as i-KEPT and a baseline
score referred to as b-KEPT.

At the same time, Spectrum may be used to validate the effectiveness of the game. If a player’s performance
does not improve after multiple game sessions, is the player to blame or is the game problematic? The authors of
this paper used Spectrum as a proof of concept and also to validate the simple maze game. Note, for the upcoming
official game trials, there will be other maze games of greater difficulty. Spectrum will be used to validate these
games using the procedure that we used in the simple VR maze game.

Spectrum will be invaluable when our official game trials begin later this year. It will allow us to analyze indi-
vidual players, a cohort of players and the relation of an individual player’s performance within their cohort. Since
analysis is automated, Spectrum may be used at any step of our official game trials in order to validate any proce-
dures.
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Appendix A

Spectrum is a hosted service and may be accessed over the internet using a web browser. Demos are available
by contacting the corresponding author (M.M.). If you are interested in solving the simple maze game, you will have
to obtain it from the corresponding author (M.M.) and side-load it on your Meta Quest 2/3 device. You can solve
the maze anonymously; no personal identifying information is loaded to the Spectrum service. All anonymous uses
are treated as a single cohort. Alternatively, you can enter your email before the start of each maze resolution (see
Figure A1). In this case, Spectrum will use your email to calculate an SGS score for you and you alone.

prayerl@:ownmmu.ca

Figure A1. Player is entering the email before starting maze resolution.

Appendix B

GLA should represent useful metrics. Statistical analysis, such as mean, median, minimum and maximum val-
ues, is a common procedure with respect to analysis. However, such metrics may not make sense in our situation.
If we compare the averages from Figure A2, we see that these results do not relate to any SGS results in Figure 6.
This demonstrates that the GLA procedure should produce useful metrics and not metrics for the sake of metrics.
Figure A2 exhibits metrics for the sake of metrics and should not be used in GLA.

Game Averages

Average Completion Time per Player Average Teleportation Count per Player

gaz@torontomu.ca qa2@torontomu.ca

gal@torontomu.ca gal@torontomu.ca

test@vrherosim.com playerl@torontomu.ca

playerl@torontomu.ca test@vrherosim.com

10 20 0 40 50 60 00 25 50 75 100 125 150 175 200
Average Completion Time (s) Average Teleportation Count

Figure A2. Game averages for all players for simple maze game.
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