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Abstract. The use of Game Learning Analytics (GLA) is fundamental in assess-
ing educational serious games, providing evidence of the player’s learning path
through collecting and analyzing interaction data records. The GLBoard model
facilitates the implementation of these techniques through a generic and flexible
data template for any educational game. However, learning designers consider
a previous step, data modeling, complex. In this regard, this work presents an
empirical study to investigate the emerging difficulties of this process. Results of
the interaction of computer science students indicate that the main challenges
are process abstraction, game appropriation, time to carry out the process, and
the need for prior knowledge of computer science disciplines - programming,
database, and systems modeling.

1. Introduction
Approaches that use data records are fundamental in educational games, providing ev-
idence to analyze player behavior and their learning path, such as Game Learning An-
alytics (GLA) [Freire et al. 2016]. The objective of GLA or Learning Analytics (LA)
applied to Serious Games is the collection, analysis and visualization of player in-
teraction data, an area that has been gaining more and more recognition and bring-
ing contributions to several stakeholders: (i) student – to monitor their progress; (ii)
developer – helping to identify game design inconsistencies to improve the game;
and (iii) teacher – to identify learning gaps in a class, monitor student progress, etc.
[Melo et al. 2020, Banihashem et al. 2024].

However, GLA presents the following challenges: (i) the complexity of imple-
mentation by developers and (ii) the lack of standardization, resulting in specific and non-
replicable capture strategies [Saveski et al. 2016, Alonso-Fernandez et al. 2017]. Fur-
thermore, in Learning Analytics, data capture is typically applied to virtual learning
environments [Almeida and Brennand 2016], MOOCS [İnan and Ebner 2020] or online
judges [Oliveira et al. 2022] and to exercises with exact answers, in the form of objective
assessments, but in GLA the focus is on games, which are complex learning environments
[Plass et al. 2015]. Therefore, these structures can have different shapes and styles, the
learning elements can be classified in various ways, and the player’s path can influence
their results. To minimize these obstacles, models such as xAPI-SG and GLBoard were
designed to implement GLA techniques for collecting and analyzing data from educa-
tional games.



Despite the contributions of GLA techniques, using xAPI-SG, GLBoard, or
another model, a process before implementing these techniques is considered highly
complex by learning designers and programmers: data modeling – or data selection
[Hauge et al. 2014]. This process refers to the definition of the data that will be collected
from players and the justification for choosing this data, whose objective is to assist in
identifying evidence of learning, whether or not related to other variables. The collection
of time records can, for example, indicate how much time players require to make a deci-
sion and whether or not this time is related to the best choice in the game scenario, whether
it is selection - related to the embedded curriculum material - or strategy - about game de-
sign. Furthermore, this definition must occur at the beginning of the development of
the artifact project [Hauge et al. 2014, Alonso-Fernández et al. 2021, Kitto et al. 2020],
as they support the implementation of data collection for a specific template, such as
GLBoard. This directly impacts the game’s development because, if it is already par-
tially implemented or finalized, incorporating the capture structure becomes challenging
due to factors such as game abstraction, complex mechanics, adaptation of the structure,
and code navigation, even for developers with expertise in educational games and GLA
[Macena et al. 2024].

To make it possible to collect evidence of learning in serious educational games,
data modeling plays a fundamental role in the implementation of GLA techniques,
yet in the educational game design or learning design phase. However, despite being
mentioned in GLA works – which reinforce that it is a necessary step and exemplify
the definition of some data [Perez-Colado et al. 2018, Alonso-Fernández et al. 2019a],
it is not described in detail, that is, it does not contain the step-by-step process for
modeling data. Furthermore, the stakeholders who implement these techniques are
educators and/or professionals (game designers, developers, etc.). However, most
educational games are developed in academic contexts, such as in Course Conclu-
sion Papers, Master’s Dissertations and Doctoral Theses [Cordeiro and Duarte 2020,
Nascimento and Leite Bruno 2024, Tarouco et al. 2005, Portella et al. 2017]. The cre-
ators of these objects are usually learning/instructional designers who act as developers
and students. Thus, no support or materials in the literature include these profiles in im-
plementing GLA. Therefore, this work seeks to conduct an empirical study to answer
the following research question: “What are the difficulties of computer science students
in data modeling for educational games?” The work is organized as follows: Section 2
presents the theoretical foundations and related works; Section 3 includes the methodol-
ogy adopted in the study; Section 4 presents the results and discussions, and Section 5
highlights the final considerations.

2. Foundations and related work

GLA combines techniques from Game Analytics (GA) – which aims to improve and
adjust game design to increase post-sale revenues – and Learning Analytics (LA) –
which focuses on measuring, collecting, analyzing, and reporting data from learning en-
vironments, aiming to extract information from students and analyze learning progress
[Loh et al. 2015, Alonso-Fernández et al. 2019b, Siemens and Long 2011, Sclater 2017].
This strategy involves (i) storing player interactions (logs) in a non-intrusive way so as not
to interrupt the gameplay rhythm, (ii) visualizing the collected data through dashboards,
and (iii) analyzing interactions, which can provide valuable insights to stakeholders. Fur-



thermore, the intersection of these interactions with heuristic evaluations and data sci-
ence/machine learning techniques can provide more robust inputs on the players’ learning
process [Alonso-Fernández et al. 2021, Silva et al. 2021, Alonso-Fernández et al. 2022].

One of the existing models for implementing GLA techniques is the xAPI-SG Pro-
file, which is based on xAPI – a specification that tracks data (statements) in JSON format,
representing learning activities through three main fields: actor (who acted), verb (the ac-
tion), and object (target of the action). On the other hand, xAPI-SG is a specific profile
for serious games to collect data in a standardized way, commonly including timestamps
and may include extensions, such as ad-hoc fields that reflect specific player interactions.
Therefore, this model defines verbs and activities involving common interactions in se-
rious games, such as completables, alternatives, and general variables. An example of
this template is: a player (actor) progressed (verb) in question 1 (object), with a perfor-
mance of 0.35 (outcome, extended field) in a specific time [Alonso-Fernandez et al. 2017,
Alonso-Fernández et al. 2019b, Alonso-Fernández et al. 2021].

However, xAPI-SG have some limitation which include: (i) a high learning curve,
requiring a thorough study of the xAPI structure and vocabulary for data capture; (ii)
flexibility: despite the Serious Games profile focusing on interactions for serious games,
xAPI was initially designed for generic educational environments; (iii) the need to config-
ure an LRS (Learning Record Store) for data storage, which requires technical knowledge
of back-end and integration with game engines; and (iv) the absence of a built-in tool
for analysis and visualization of the collected data (such as a Dashboard, for example)
[Serrano-Laguna et al. 2017, Alonso-Fernández et al. 2022].

The obstacles of GLA and the limitations of xAPI-SG – until then, the most com-
mon model for implementing these techniques – motivated the creation of GLBoard: a
model for collecting and analyzing data from educational games, which provides a generic
standard structure (template) in JSON format for collecting data [Silva et al. 2022]. The
model is composed of four main modules: (i) API – which manages requests and commu-
nicates with other modules; (ii) Database – stores game and player interaction data; (iii)
Dashboard – responsible for displaying graphs from the collected data; and (iv) Unity
Package – a package in the Unity game engine where it is possible to access GLBoard.
In this way, the developer can incorporate GLBoard into their game and fill in the data
template in JSON format, which is collected asynchronously. This template contains two
types of variables: (i) generic – common to any game (player data, number of levels,
performance, login and logout times, etc.), where the developer only needs to assign val-
ues; and (ii) flexible – such as path player, which allows storing sets of data, giving the
developer freedom to define and assign values according to the data they want to capture.

Therefore, GLBoard becomes replicable for any game and can store the play-
ers’ gameplay trajectory, the analysis of which can provide a detailed assessment
of how learning is occurring [Silva et al. 2021, Wallner and Kriglstein 2013]. Among
the games that use GLBoard to collect data, the following stand out: “MyName”
[Nascimento et al. 2023], “Cadê minha Pizza?” [Honda et al. 2023] and “Hello Food”
[Macena et al. 2024] . However, whether to assign values in the GLBoard data template,
xAPI-SG, or another GLA tool, it is essential to perform data modeling (or selection),
which consists of defining which data will be captured and the justification of why they
are relevant to help identify evidence of learning – according to the educational objec-



tives of the game. However, this complex process requires a thorough analysis of the
educational game and is not covered in detail in GLA studies in the literature. The works
described below mention this process, listing collection variables for some educational
games.

In Perez-Colado et al. [2018], an extension of a GLA system is described, whose
objective is to manage multilevel analyses through analysis models and technical infras-
tructure. LAMs (Learning Analytics Models) are proposed to help structure data collec-
tion, analysis, and visualization based on well-defined learning objectives. The authors
also describe meta-LAMs, which focus on integrating and analyzing data from multiple
games or mini-games, providing an overview of progression and learning. The First Aid
Game is used as a case study, in which the authors reinforce that the data (traces) must
be selected sufficiently to reflect the student’s learning progress – alluding to the data
modeling (or selection) process. In the game, the selected data were level progress (0 to
1), answers to questions, points, and events (“initialized”, “progressed”, “completed” and
“selected”). Furthermore, the system includes data analysis and visualization for teachers
and developers, allowing them to track the students’ performance. It also consists of an
API that allows the games to access the analysis in real-time.

The work of Alonso-Fernández et al. [2019] dealt with the application of GLA to
three serious games, aiming to (i) validate/implement a game about cyberbullying aware-
ness; (ii) validate the design of a game focused on improving the independent life of users
with intellectual disabilities and; (iii) improve the evaluation of a game about first aid tech-
niques. The Learning Analytics Model (LAM) was used to connect the games’ objectives
according to the data to be analyzed, whose model helps to identify which data should be
collected (referring to the data modeling/selection processes). The xAPI-SG data template
was used, whose data selected for collection were: (i) Connected – decision-making in
dialogues, changes in friendship patterns, interactions with objects, etc.; (ii) DownTown –
attempts per mini-game, clicks on the interface, timestamps, etc.; and (iii) First Aid Game
– completion status, total and level score, correct/incorrect answers, etc. The results were
positive, allowing the achievement of the defined objectives and bringing lessons learned,
such as standardization of data collected according to xAPI-SG, the effectiveness of GLA
to achieve different goals, and the benefit of stakeholders with data from GLA.

The focus of the work by Emerson et al. [2020] was to investigate how the use
of multimodal data (data records, facial expressions, and eye tracking) can be used to
predict student performance and interest in the game Crystal Island. An experiment was
conducted with 61 undergraduate students, whose sessions had up to 3 hours of game-
play, involving pre- and post-tests, questionnaires and motivation, video sensors, and
gaze tracking. Data modeling is not comprehensively covered, but the authors indicate
that the data selection included (i) gameplay traces (movement, responses, time, etc.); (ii)
gaze (eye fixation on eight categories of in-game objects, such as NPCs); and (iii) facial
expressions, encoded in 20 action units (AUs). The results showed higher accuracy than
unimodal models, helping to predict student performance and interest in the game, whose
authors point out a potential to guide the development of real-time adaptive strategies.

The works cited above contribute to the GLA area and mention the data modeling
process, highlighting it as necessary for data collection. However, despite indicating the
data selected for collection and informing that the decisions of this process are based on



the learning objectives, data modeling is not described in detail. In addition, the stake-
holders responsible for this process are game designers (including developers) and educa-
tors. Thus, the contributions of this work and differences with other related works are: (i)
an analysis focused on data selection/modeling, not currently present in the literature; (ii)
a survey of difficulties of this process and; (iii) the perspective of students (specifically of
computing) as stakeholders of the data modeling process.

3. Methods

This work aims to identify the difficulties and understand the perception of computer
science students (self-assessment) regarding the data modeling process of educational
games. Given this, an empirical study was conducted, organized in stages that detail the
experimental design, detailed and illustrated in Figure 1.

Figure 1. Steps of the study carried out on data modeling.

Participant selection: The participants of this study were selected based on two
criteria: (i) undergraduate students of the Computing Education degree course at the Ama-
zonas State University (UEA) who are taking the “Fundamentals of Educational Soft-
ware” (FSE) course, carrying out an activity of building an educational game and imple-
menting GLA techniques – and must then perform data modeling; and (ii) participants of
a research and development laboratory of educational technologies, who are refactoring
games that have already been implemented, currently in the data modeling stage. There-
fore, 16 students participated in the study: 11 (69%) males and 5 (31%) females, aged 19
to 26 years. All participants were enrolled in computing courses: 12 (75%) in the com-
puting education degree, 3 (19%) in Information Systems, and 1 (6%) in Engineering.
75% were in the fourth or sixth semester of the course, while the rest were in the eighth
or higher. 100% had taken the three introductory programming courses, while only a few
had taken Database I (62.5%), Data Structures II (56.25%), and Systems Modeling and
Design (50%). Nine participants (56%) reported not having failed any of these courses,
while 7 (44%) had failed at least once in one of them.

Data modeling class: To effectively start the study, a class was held within the
scope of the discipline to which all participants were invited. The class took place in
person at the university, lasting one hour, and its objective was to introduce the content
to the participants. Thus, the following topics were addressed: (i) educational games; (ii)
challenges and obstacles in the assessment of learning in games; (iii) Learning Analytics,
Game Analytics, and Game Learning Analytics; (iv) GLBoard: model definition and
architecture, data template, path player variable, and capture examples; and (v) data
modeling. A multimedia presentation was used with information and images about the



previous topics, including dynamic examples where students could interact and practice
the content.

Development of data models: Participants were assigned individually modeling
data from an educational game after the presented content. The data modeling for the
students in the discipline should be based on the educational games they were developing.
In contrast, for the laboratory participants, the choice of educational game was free – as
long as there were no duplicates. To this end, a collaborative online spreadsheet was
shared with the participants, containing a table with the following columns: number,
name of the variable (data), data type, example, and justification for collection. Then,
the participants were asked to make a copy of the spreadsheet and begin the activity.
In addition, the students were instructed to perform the modeling manually and not to
use Generative Artificial Intelligence tools such as ChatGPT – as this could compromise
the viability of the study. The participants then began the data modeling process, which
consisted of the analysis/use of the educational games and the proposal and insertion
of the capture variables in the spreadsheet, lasting approximately one hour and thirty
minutes. Figure 2 illustrates some moments of the activity.

(a) Record 1. (b) Record 2. (c) Record 3.

Figure 2. Records of moments of data modeling by students.

Data collection and analysis: For data collection, participants were asked to fill
out a Google Forms form after completing the activity, which contained: (i) a space to
send the spreadsheets with the models; (ii) quantitative questions on a Likert-5 scale; and
(iii) qualitative questions, both addressing the students’ perspective on the data modeling
process. The questions on the form can be found at the link1, whose participants agreed to
fill it out, with the consent that the data will be disclosed anonymously and exclusively for
research purposes. Regarding data analysis, we used (i) visual analysis for the quantitative
questions using boxplot and (ii) content analysis [Bardin 2015] of the qualitative data
completed by the participants.

4. Results and discussions

The study results include the analysis of quantitative and qualitative questions assigned
by computer science students regarding the data modeling process in educational games.
Figure 3 illustrates a boxplot on the quantitative questions (on a Likert-5 scale).

Regarding understanding the objective, there was agreement among the par-
ticipants: all gave a score of 3 or higher, with an average of 3.9 and a median of 4.

1https://drive.google.com/file/d/1ziEwdFyk57cuRdwuP52q8Z-80KE3Ehez/view?usp=sharing



Figure 3. Boxplot with the evaluation of quantitative questions.

This demonstrates unanimity regarding the need to model data before implementing cap-
ture structures – whether in the GLBoard template or another tool. Regarding the ques-
tion “What do you consider to have done well in data modeling?”, the participants pro-
vided different answers: (i) without coherence with the question (for example: “no”); (ii)
generic, with few details about the process (i.e.: “made very objective choices”); (iii) no
understanding or with difficulty (i.e.: “could improve more”); and (iv) detailed, regard-
ing the game information (i.e.: “identify how the player lost or won the level”). When
relating these responses to the previous quantitative question, it is noted that the students
understand the objective of modeling data. However, they had difficulty explaining what
they did well in the process.

Regarding the level of difficulty of data modeling, only one student (6%) found
the process “easy”. The others indicated that data modeling is “medium” (50%) and
“hard” (44%), corroborating that it is a complex process. This fact is further intensified
when analyzing that: (i) a little more than half of the participants had already developed
educational games (56.25%); (ii) the 2 participants who had experience with GLA imple-
mentation found data modeling to be a process of “medium” and “hard” difficulty; (iii) 10
participants (62.5%) reported having a good level of knowledge of programming logic;
(iv) 10 were in the 6th period or higher of the course; and (v) 56.25% indicated having
average and good knowledge (18.75%) of databases. When asked what they found most
challenging in data modeling, most participants pointed out defining the data/variables
for collection and abstraction from this process. Two responses stand out in this regard:
“Thinking about all the conditions the player faces” and “without being very sure of what
you are looking for, it is a bit difficult to point out variables.”. These comments reflect a
characteristic challenge of game learning assessment by learning designers: taking own-
ership of an educational game and, based on its learning objective, identifying the key
points of the game that indicate whether it was or is being achieved.

Regarding the question of sufficient time to carry out the data modeling process,



which lasted around an hour and a half, 7 (44%) thought that the time was insufficient,
and 5 (31.3%) indicated that it was average. This point also corroborates the complexity
of data modeling, which requires not only knowledge but also time, which varies accord-
ing to the game – robust mechanics, number of elements in the level design, and dis-
tinct phases, for example, significantly impact the time/complexity to model the data and,
consequently, the implementation of GLA techniques [Macena et al. 2024]. In addition,
participants were asked if “there was anything you learned during the modeling process
that you did not know before.” The majority (56.25%) reported that they did not learn
anything new, 2 (12.5%) reported generic information, and 5 (31.25%) indicated that they
did, with emphasis on (i) “the use of lists to capture some data in more detail”; (ii) “an-
alyzing what the variables can say about the player” and; (iii) “as the process went on it
became easier to identify which data I should store”. Item (i) reports an essential strategy
for data modeling since data is grouped into lists, which makes it easier to organize and
manage data. Item (ii) is the precise purpose of data modeling: to collect evidence that
can provide insights into the player’s behavior and path. In turn, (iii) is directly related to
the time for modeling: the more time dedicated to the activity, the more it is possible to
analyze the game in detail and locate important variables for collection.

Although the difficulty level was high and there was insufficient time to model
data, 14 students (94%) believe that this process contributes to developing more effective
educational games. Among the reasons, participants pointed out aspects such as reduc-
tion of implementation time, definition of variables to identify signs of learning, support
for data capture, more profound perception of general and specific aspects of the game,
understanding of player behavior, identifying game design problems, etc. In addition,
six students (38%) indicated that modeling data was similar to previous activities such as
designing class diagrams, gathering requirements, database modeling, etc. At this point,
10 participants (62.5%) reported that prior knowledge of previous disciplines contributes
to data modeling, such as: programming (introduction, data structures, and object ori-
entation), systems modeling, database, and theoretical and pedagogical disciplines. The
participants highlighted the following contributions: the creation of diagrams, modeling
of systems and databases, analysis of entities, survey of variables, and learning theories.
These points also corroborate the complexity of data modeling: knowledge of previous
disciplines is fundamental for this process. However, only 58.8% of the participants had
taken Database (DB) I, 47.1% Modeling and Systems Design (MSD) and 52.9% Algo-
rithms and Data Structures II. Furthermore, when asked about the level of knowledge they
believe they have in these disciplines, the majority indicated that it is medium/low, with
averages of 2.7 in DB and 2.1 in MSD.

In general, the study indicated that data modeling is essential for constructing
educational games in which students demonstrate an understanding of their objectives.
However, the level of complexity was considered high, and the execution time of the
study was insufficient. Thus, in answering the research question “What are the difficulties
of computer science students in the process of data modeling for educational games?”,
the main difficulties are: (i) in the abstraction of the process; (ii) in appropriating the edu-
cational game to identify the capture variables; (iii) in the time dedicated to this process;
and (iv) in understanding content from previous disciplines, supporting the fact that the
data modeling process of educational games is complex.



Among the limitations of this study, the following stand out: (i) time, since it
was applied only in one class of a discipline, which may have compromised the students’
experience and the quality of the modeling performed; and (ii) perspective, considering
only the students’ point of view regarding the process. Item (i), despite being a limitation,
was also an important finding that corroborates the complexity of data modeling, while
(ii) was precisely the study’s objective. Since this is an introductory study and, to date, the
only one in the literature that covers the data modeling process in detail, these limitations
are minor and will be solved in future research.

5. Conclusions

The GLA field significantly contributes to educational games, providing data-based evi-
dence to analyze the player’s journey and learning progression. GLBoard is a tool that
enables the implementation of these techniques, providing a JSON template for data col-
lection with generic and flexible variables, making it replicable to any educational game.
However, the process before this implementation, called data modeling, is complex. In
addition, GLA studies generally do not include the student as a learning designer, even
though most educational games are developed in an academic environment.

In this sense, this work sought to conduct an empirical study with the following
research question: “What are the difficulties of computer science students in data model-
ing for educational games?”. To this end, a series of steps were conducted: (i) selection of
participants – including computer science students and participants from a research and
development laboratory for educational technologies; (ii) data modeling class – to present
the content to the students; (iii) elaboration of data models – where the students modeled
the data corresponding to the educational games they were building or that they selected;
and (iv) data collection and analysis, using Google Forms to collect quantitative and qual-
itative questions about the students’ perception of data modeling. This data generated a
boxplot graph to help understand the results and content analysis was used to answer the
qualitative questions.

As a result, the students indicated that data modeling contributes to creating ed-
ucational games and reported understanding the objective. However, the process was
considered complex, and the time to complete the study was assessed as insufficient -
lasting approximately one hour and thirty minutes. The main difficulties reported were
related to the abstraction of the process, the appropriation of the game to define the cap-
ture variables, the time required for this analysis and execution of the activity, and the
understanding of content from previous courses, which assist in this process. From the
perspective of computer science students, the study provided a more detailed understand-
ing of the data modeling process, which is only mentioned in GLA papers and generally
does not consider the student as a stakeholder. With this, it is possible to investigate and
make viable proposals to minimize these difficulties and assist students in this fundamen-
tal process for educational games.

Future work includes holding new classes with more participants, adding more dy-
namic elements, providing more time for the execution of the activity – possibly dividing
it into more than one application moment, inserting a brief explanation about Database,
Data Structures, and Systems Modeling content, adding more data modeling examples,
etc.
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