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Abstract

As the 21st century progresses, new assessment methodologies are emerging and
challenging traditional approaches for evaluating knowledge, skills, and behaviors.
Among these innovations, Game-Based Assessment (GBA) has been gaining in-
creasing attention in recent years due to its potential to enhance current assessment
practices. Although games have always been an integral part of human societies,
they are now being increasingly explored as powerful tools for learning, skill de-
velopment, and assessment. Specifically, Serious Games (SGs), which do not have
entertainment, enjoyment, or fun as their primary purpose, have gained significant
attention over the past decade. GBAs have been proved to be robust alternatives
to conventional forms of assessment, such as paper-and-pencil tests, which often
present individual and decontextualized items to learners, making it difficult to cap-
ture the complexity of certain skills and behaviors, as well as their application in
real-world contexts. In contrast, GBAs offer realistic and authentic scenarios that
support the contextualized application of knowledge and skills.

GBAs are suitable for use in different contexts and environments, including ed-
ucation, medical settings, and professional environments for purposes such as em-
ployee selection and training. As a result, large amounts of data are generated, offer-
ing unprecedented opportunities for scientific exploration and technological progress.
These data can be leveraged in many ways, and recent advancements in Artificial
Intelligence (AI) models and algorithms have paved the way for creating even more
sophisticated assessment systems. However, there is still a set of limitations to be
addressed before the full potential of GBAs can be realized in real-world applica-
tions. Previous research often reports methodological limitations, as the literature
typically relies on basic metrics and indicators for assessment that lack the depth
and complexity required for capturing certain skills and behavioral patterns. More-
over, educators frequently report a lack of guidance on how to integrate these type of
assessments into their teaching practices, challenging their practical adoption. The
addition of assessment features in games is often seen as a costly process, since the
assessment machinery is typically designed specifically for each individual game. Fi-
nally, technical limitations are also commonly reported, as the large amounts of data
being generated by GBAs require scalable architectures and efficient data processing
pipelines.

Given the significant potential of GBAs to transform assessment practices, the
main purpose of this Ph.D. thesis is to address both the methodological and technical
aspects of the field, with a focus on exploring and advancing how GBAs can serve
as an innovative solution for delivering valid, meaningful, and adaptive assessment



experiences. Specifically, this dissertation poses five objectives:

The first proposed objective concerns a comprehensive examination and evalua-
tion of GBA field, particularly with the recent rise in the popularity of games and
digital learning. To the best of our knowledge, there is no existing research providing
an in-depth analysis of the current state of the field. Thus, this objective involves
performing a systematic analysis of the GBA developments, techniques and tools,
highlighting its strengths and weaknesses. Moreover, this thesis proposes potential
directions in which GBA can be further advanced and applied by addressing current
limitations.

The second objective of this Ph.D. thesis focuses on designing and developing
an interoperable semantic model for log data. Although the use of games in edu-
cational and professional settings offers new opportunities to analyze and evaluate
learners” behavior and performance, the lack of standardization in this area limits
interoperability and reproducibility, making it difficult to generalize findings and
reuse assessment solutions. This objective, therefore, entails the creation of an in-
teroperable model capable of integrating log data from a wide variety of games into
a unified knowledge structure. Additionally, it aims to validate the proposed model
using widely accepted metrics drawn from existing literature.

The third objective of this dissertation is geared towards the creation of an
efficient architecture capable of performing GBAs at scale. Given the vast amount
of data generated by learners and the computational demands of modern techniques
and algorithms, there is a clear need for a scalable and distributed architecture that
can analyze large volumes of log data in real time. With this objective in mind,
the thesis seeks to design a Big Data architecture that supports interoperability,
efficient analysis, and robust integration with AI models.

The fourth proposed objective aims to enhance student performance prediction
by using Explainable AT (XAI). Despite recent advances in Al techniques, explain-
ability remains a significant challenge, particularly in contexts where stakeholders
are typically non-technical users who require clear and interpretable insights to un-
derstand the output of such techniques. Through this objective, the thesis aims to
establish a comprehensive framework for interpretable models in GBAs, facilitating
a clearer understanding of Al-driven assessments.

Last but not least, the fifth objective of this thesis seeks to optimize the data
labeling process for Al techniques in the GBA domain through the creation of a
practical tool. The accuracy and quality of human-labeled data is an essential
part of building reliable AI models, as it directly influences the performance and
validity of the results. However, the data labeling process is often seen as costly
and time-consuming, and researchers frequently rely on rudimentary methods such
as Excel worksheets. To address this gap, the final objective focuses on the design
and development of a web-based tool aimed at improving both the efficiency and
accuracy of the data labeling process within GBA environments.

To achieve the proposed objectives, a clearly structured methodology was fol-
lowed, employing a scientific approach grounded in the continuous study of the state
of the art and the analysis of results obtained throughout the different stages of this
research. First, a detailed analysis of recent studies in the GBA field addresses the
first objective. This analysis followed a standard systematic review methodology



based on the Preferred Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA). The systematic review facilitated the identification of current trends,
commonly used methodologies, and potential gaps in the existing literature. Sec-
ondly, to address the interoperability issue identified in the literature review, we
designed and implemented an ontology-driven model aimed at standardizing var-
ious log data formats from different games into a unified model. Following the
development of this ontology, a formal evaluation and real-world testing with ac-
tual data were conducted, therefore fulfilling the second objective. Then, to address
the third objective and provide a scalable architecture in which the ontology model
could be integrated, an interoperable framework was developed using an open-source
structured data processing engine as the basis to enable computation over large-scale
datasets. Subsequently, a case study validation was carried out to demonstrate how
the architecture could be applied in real-world scenarios.

The next step of the methodology fulfills the fourth objective and involved
the development of a learner performance prediction model for a SG using Ma-
chine Learning (ML) techniques. Then, interpretability was achieved by considering
whether the selected model was inherently explainable. If it was not, XAl techniques
were applied to generate meaningful explanations for the model’s predictions. Fi-
nally, the fifth step of the methodology consisted of developing a practical tool
specifically designed for labeling various types of GBA data, with support for au-
dio, video, and game-event inputs. This comprehensive methodology resulted in the
publication of five peer-reviewed scientific articles, which collectively form the basis
of this Ph.D. thesis. It should be noted that the Ph.D. candidate served as the first
author of each of these publications, all of which are included in the body of this
document.

As a result of the first step of the methodology, the systematic review of liter-
ature analyzed 65 research papers published between 2013 and 2020. The analysis
highlighted the relevance of GBAs in K-16 education (most commonly in high and
middle school), the workplace, and medical settings. Furthermore, it revealed that
descriptive statistics was the main analytical method used, while ML and Deep
Learning (DL) methods were applied in only a minority of studies. Additional find-
ings included the main research purposes, data availability, and domain categories
represented across the reviewed papers, among other aspects. Finally, the review
identified key open challenges in the field, such as issues related to replication due
to the lack of transparency, transferability of research, and both methodological and
technical limitations.

Secondly, the thesis introduced a novel ontology that conceptualizes the core con-
cepts of the GBA field, such as Game, Scenario, or Attempt. Relationships between
concepts enhance the model’s expressiveness and enable executing more complex on-
tology queries to extract valuable knowledge from the processed data. To practically
validate the ontology, the study employed both established metrics from previous
literature and newly designed metrics, including persistence and play styles. Finally,
a case study was presented to evaluate the interoperability and usability of the de-
veloped model using data from ten different SGs. Following the model creation, the
third contribution of this dissertation is the development of a scalable and interop-
erable architecture. The proposed framework has five main components: a prepro-



cessing module that transforms raw game data into an ontology-compatible RDF
format; an analytics, inference, and querying module that processes RDF triples
as distributed data structures; a metrics module that computes assessment met-
rics using SPARQL and allows results to be exported in various formats such as
plain text or CSV; an authentication and authorization module that manages access
control based on predefined user roles; and a Service API, which enables external
access to the framework and introduces the paradigm of Game-Based Assessment
as a Service (GBAaaS). A performance evaluation was conducted using different
cluster configurations and dataset sizes. The best performing setup, consisting of
one master node and four worker nodes, successfully processed two million user
events (equivalent to data generated by 39 classrooms using a game for one hour
per week over the course of a month) in an average of 107.2 minutes. These results
demonstrate the efficiency of the proposed system in handling large-scale data, and
confirms its potential for real-world applications.

Regarding the fourth objective, the next step in the dissertation involved the
development of a real-time performance prediction model within Shadowspect, a
geometry SG. Predictions were made at three different intervals (25, 50 and 75% of
the average level completion time), with the Random Forest (RF) model achieving
a balanced accuracy of 0.76 at the 25% interval, 0.772 at 50%, and 0.795 at 75%.
This indicates strong predicting performance even in the early stages of gameplay.
Since RF is considered a “black box” algorithm, the SHAP method was employed
to explain individual predictions. This XAl technique enabled the identification of
the most relevant factors contributing to students’ success in solving different levels.
Finally, this result included a use case to demonstrate how interpretable models can
be applied in the classroom to support individual students during gameplay.

The final contribution of this thesis presented a web-based tool, built using the
Django framework, specifically designed to optimize the data labeling process in
GBA environments. With this objective in mind, the tool incorporates a custom
parser that transforms raw data into structured instances stored in the database,
along with a feature computing module that analyzes the data and automatically
calculates a set of features to provide context and support the labeling process. In
addition, the tool offers several data visualization options for different data types:
templates compatible with Unity WebGL for in-game replays, text-based replays, a
video viewer for video recordings, and audio waveform visualizations for audio files.
All these components form a comprehensive tool designed to address a common
challenge in the field and optimize data labeling tasks, which are crucial for training
reliable Al models in this area.

As main conclusions, this Ph.D. thesis underlines the value and potential of
GBA for education and training, particularly emphasizing its potential to support
the development and sustainability of 21-st century skills. These skills, such as
collaboration or critical thinking, are increasingly considered essential in a rapidly
transforming, technology-driven society. Although we have seen that valuable knowl-
edge can be extracted and inferred from user interaction data, there remains a need
for more standardized assessment frameworks, as the current specificity limits the
replication of experiments and the transferability of results into practice. Moreover,
the conducted review also revealed the importance of making good game designs in-



stead of relying on vague implementations, such as embedding hidden questionnaires
within the gameplay.

It is also worth mentioning the need for more sophisticated assessment meth-
ods. Although the comprehensive datasets produced hold tremendous potential for
applying novel techniques, researchers typically use simple metrics and indicators
that fail to capture the complexity and context-dependence nature of certain skills
and behaviors, such as the aforementioned 21-st century skills. However, for these
advanced methods to perform well, large data sets are required, and with many
studies in the literature reporting data sample size limitations, this remains a signif-
icant challenge in the field. Moreover, many of these emerging techniques are seen
as humanly inexplicable by non-technical stakeholders, which also limits their appli-
cability in real-world environments. Therefore, it is essential to continue exploring
explainability techniques to provide these stakeholders with a clear understanding
of how such techniques work, fostering trust, transparency, and informed decision-
making in practical settings.

As part of the future work, this thesis proposes four different avenues to ex-
plore as a continuation of this research: first, the development of frameworks for
the scalable design and integration of GBAs, with an emphasis on aligning game
mechanics with learning objectives, assessment methods, and existing curricula to
facilitate adoption in educational environments; second, the empirical validation of
GBA solutions in real-world settings, focusing on the evaluation of assessment valid-
ity, usability, and accessibility to strengthen the proposed interoperable framework;
third, the advancement of Human-in-the-Loop (HITL) approaches by leveraging
the practical labeling tool to develop more sophisticated assessment models capable
of capturing complex learner behaviors and supporting the training of reliable Al
systems; and fourth, the integration of multimodal data into current assessment
approaches to enrich models by converging evidence from multiple sources of data.






Resumen

A medida que el siglo XXI progresa, surgen nuevas metodologias de evaluacion
que desafian los enfoques tradicionales para evaluar conocimientos, habilidades y
comportamientos. Entre estas innovaciones, la Evaluacion Basada en Juegos (Game-
Based Assessment, GBA) ha ido ganando atencién durante los tltimos anos debido
a su potencial para mejorar los enfoques de evaluacién actuales. Aunque los juegos
siempre han formado parte de las sociedades humanas, actualmente se exploran cada
vez mas como herramientas poderosas para el aprendizaje, el desarrollo de habili-
dades y la evaluacién. Especificamente, los Juegos Serios (Serious Games), que no
tienen como proposito principal el entretenimiento, la diversion o el ocio, han ganado
la atencién de muchas personas durante la tltima década. Las evaluaciones mediante
juegos han demostrado ser muy buenas alternativas a las formas convencionales de
evaluacion como las pruebas escritas, que suelen presentar elementos individuales y
descontextualizados. Este tipo de pruebas dificulta la captura de ciertas habilidades
y comportamientos debido a su complejidad, y también su aplicacion en contextos
del mundo real. En cambio, las GBA ofrecen escenarios realistas y auténticos que
favorecen la aplicacién contextualizada del conocimiento y las habilidades de los
usuarios.

Las GBA son adecuadas para su uso en distintos contextos y entornos, incluidos
el ambito educativo, los entornos médicos y los entornos profesionales, con fines como
la seleccién o la formacion y entrenamiento de personal. Como resultado, se generan
una gran cantidad de datos, los cuales ofrecen oportunidades sin precedentes para la
exploracion cientifica y el progreso tecnologico. Estos datos pueden ser aprovechados
de distintas formas, y los recientes avances en modelos y algoritmos de Inteligencia
Artificial (IA) han abierto el camino para la creacién de sistemas de evaluacién to-
davia mas sofisticados. Sin embargo, atin existen una serie de limitaciones que deben
abordarse antes de que las GBA puedan desplegar todo su potencial en aplicaciones
del mundo real. El estado del arte reporta a menudo limitaciones metodolégicas, ya
que la literatura suele basarse en métricas e indicadores basicos que carecen de la
profundidad y complejidad necesarias para capturar ciertas habilidades y patrones
de comportamiento. Por otra parte, los docentes suelen senalar la falta de ori-
entacion sobre cémo integrar este tipo de evaluaciones en sus practicas pedagogicas,
lo que dificulta su adopcién practica. Ademas, la incorporacién de mecanismos de
evaluacion en los juegos suele considerarse un proceso costoso, ya que generalmente
se disefian sistemas de evaluacion de forma totalmente especifica para cada juego.
Finalmente, también se suelen reportar de forma frecuente limitaciones técnicas,
va que el gran volumen de datos generados por las GBA requiere de arquitecturas



escalables y enfoques de procesamiento de datos eficientes.

Dado el gran potencial que tienen las GBA para transformar las practicas de
evaluacion tradicionales, el principal objetivo de esta tesis doctoral es abordar tanto
los aspectos metodologicos como los técnicos en el area, con un enfoque centrado
en explorar y avanzar en cémo las GBA pueden servir como una soluciéon nove-
dosa e innovadora para proporcionar experiencias de evaluacién validas, robustas, y
significativas. Especificamente, esta tesis plantea cinco objetivos:

El primer objetivo propuesto se refiere a un analisis y evaluacién exhaustivos del
campo de GBA, especialmente teniendo en cuenta el reciente aumento en la popu-
laridad de los juegos y el aprendizaje digital. Hasta donde sabemos, no existe una
investigacion previa que ofrezca un analisis profundo del estado actual del campo.
Por tanto, este objetivo implica realizar una revision sistematica de los desarrollos,
técnicas y herramientas en GBA, destacando sus fortalezas y debilidades. Ademas,
la tesis también propone posibles direcciones de trabajo futuro para avanzar y aplicar
evaluaciones basadas en juegos abordando las limitaciones actuales.

El segundo objetivo de esta tesis se centra en el diseno y desarrollo de un modelo
semantico interoperable para datos de interaccién de estudiantes con juegos. Aunque
el uso de juegos en entornos educativos y profesionales ofrece nuevas oportunidades
para analizar y evaluar el comportamiento y rendimiento de los estudiantes, la falta
de estandarizacion en este a&mbito limita la interoperabilidad y la reproducibilidad,
lo que dificulta la generalizacién y reusabilidad de los resultados de investigacion.
Por lo tanto, este objetivo implica la creaciéon de un modelo interoperable capaz
de integrar datos de una amplia variedad de juegos en una estructura de datos
unificada. Ademas, se propone validar el modelo utilizando métricas ampliamente
aceptadas en la literatura existente.

El tercer objetivo de esta tesis se orienta al disefio y creacién de una arqui-
tectura eficiente capaz de ejecutar GBA a gran escala. Dada la gran cantidad de
datos generados por los estudiantes y las exigencias computacionales de las técnicas
y algoritmos actuales, existe una necesidad evidente de crear una arquitectura dis-
tribuida y escalable que permita analizar grandes cantidades de datos en un tiempo
razonable. Con este propésito, la tesis busca disenar una arquitectura “Big Data”
que soporte la interoperabilidad, el andlisis eficiente y la integraciéon robusta con
modelos de TA.

El cuarto objetivo propuesto apunta a mejorar la prediccion del rendimiento es-
tudiantil mediante el uso de Inteligencia Artificial Explicable (XAI). A pesar de los
recientes avances en técnicas de IA, la explicabilidad sigue siendo un desafio impor-
tante, especialmente en contextos donde los actores involucrados suelen ser usuarios
no técnicos que requieren informacion clara e interpretable para comprender los re-
sultados de estas técnicas. A través de este objetivo, la tesis busca establecer un
marco integral para modelos interpretables en GBA, facilitando una mejor compren-
sion de las evaluaciones impulsadas por TA.

Por tltimo, el quinto objetivo de esta tesis se centra en la optimizacion del pro-
ceso de etiquetado de datos para técnicas de IA en el ambito de las GBA mediante
la creacién de una herramienta préctica de etiquetado. En este sentido, la precision
y calidad de los datos etiquetados por humanos son fundamentales para construir
modelos de TA robustos y confiables, ya que influyen directamente en el rendimiento



y la validez de los resultados. Sin embargo, los investigadores suelen ver el proceso
de etiquetado como algo lento y costoso, y suelen tender a utilizar métodos rudi-
mentarios como hojas de calculo en Excel o anotaciones manuales. Para abordar
este desafio, el ultimo objetivo de esta tesis se enfoca en el diseno y desarrollo de
una herramienta web destinada a mejorar tanto la eficiencia como la precision del
proceso de etiquetado en entornos de GBA.

Para alcanzar los objetivos propuestos, se ha seguido una metodologia estruc-
turada basada en un enfoque cientifico fundamentado en el estudio continuo del
estado del arte y en el analisis de los resultados obtenidos a lo largo de las distintas
etapas de esta investigacion. En primer lugar, una revision detallada de estudios
recientes en el campo de las GBA aborda el primer objetivo. Este analisis se llevo
a cabo siguiendo una metodologia de revision sistematica basada en las directrices
PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses).
La revisién permitio identificar tendencias actuales, metodologias cominmente uti-
lizadas y brechas potenciales en la literatura existente. En segundo lugar, para
abordar el problema de interoperabilidad identificado en la revision, se disend e im-
plement6 un modelo ontoldgico orientado a estandarizar distintos formatos de datos
provenientes de diferentes juegos en un modelo unificado. Tras el desarrollo de esta
ontologia, se realizd una evaluacion formal y pruebas en entornos reales con datos
reales, cumpliendo asi con el segundo objetivo. Después, para abordar el tercer
objetivo y proporcionar una arquitectura escalable en la que pudiera integrarse el
modelo ontoldégico, se desarrollé un sistema interoperable utilizando un motor de
procesamiento de datos estructurados de codigo abierto como base, lo que permitié
el procesamiento de grandes volimenes de datos de forma eficiente. Posteriormente,
se llevo a cabo una validacion mediante un caso de estudio para demostrar como
puede aplicarse esta arquitectura en escenarios del mundo real.

El siguiente paso de la metodologia responde al cuarto objetivo e implicé el de-
sarrollo de un modelo de prediccion del rendimiento del estudiante en un juego serio
utilizando técnicas de Aprendizaje Automético (Machine Learning, ML). Posterior-
mente, se incorporé la interpretabilidad del modelo considerando si este era inher-
entemente explicable; en caso contrario, se aplicaron técnicas de XAl para generar
explicaciones claras y sencillas de las predicciones del modelo. Finalmente, el quinto
paso de la metodologia consistio en desarrollar una herramienta practica disenada
especificamente para el etiquetado de distintos tipos de datos en entornos de GBA,
con soporte para entradas de audio, video y datos de interaccion. Esta metodologia
dio como resultado la publicacién de cinco articulos cientificos revisados por pares,
que en conjunto constituyen la base de esta tesis doctoral. Cabe destacar que el
doctorando actué como primer autor en cada una de estas publicaciones, todas ellas
incluidas en el cuerpo del presente documento.

Como resultado del primer paso de la metodologia, la revisién sistematica de
la literatura analizdé 65 articulos de investigacién publicados entre los anos 2013
y 2020. El andlisis destacé la relevancia de las GBA en la educacién K-16 (prin-
cipalmente en educacién primaria y secundaria), el ambito laboral y los entornos
médicos. Asimismo, revelé que los principales métodos utilizados fueron las estadis-
ticas descriptivas, mientras que las técnicas de ML y Aprendizaje Profundo (Deep
Learning, DL) solo se aplicaron en una minoria de los estudios. Entre otros hallaz-



gos, se identificaron los principales propédsitos de investigacion, la disponibilidad de
datos y las categorias tematicas abordadas en los articulos analizados. Finalmente,
la revision identificd retos clave que aiin permanecen sin resolver en el campo, como
la limitada replicacién de resultados debido a la falta de transparencia, la escasa
transferibilidad de los resultados y diversas limitaciones, tanto metodolégicas como
técnicas.

En segundo lugar, la tesis presenté una nueva ontologia que conceptualiza los
elementos fundamentales del campo de las GBA, como Juego, Escenario e Intento.
Por otra parte, la ontologia incluye una serie de relaciones entre conceptos que
logran enriquecer la expresividad del modelo y permiten ejecutar consultas mas
complejas, lo que facilita la extraccion de conocimiento atin mas valioso de los datos
ya procesados. Para validar esta ontologia de manera préctica, el estudio empled
tanto métricas ya consolidadas en la literatura previa como otras nuevas disefiadas,
como persistencia o estilos de juego. Finalmente, se presentd un caso de estudio
para evaluar la interoperabilidad y usabilidad del modelo utilizando datos de diez
juegos serios distintos.

Tras la creacion del modelo, la tercera contribucion de esta tesis es el desarrollo
de una arquitectura escalable e interoperable. El sistema desarrollado incluye cinco
componentes principales: un maodulo de preprocesamiento que transforma los datos
en crudo del juego en formato RDF compatible con la ontologia; un mddulo de
andlisis, inferencia y consulta, que procesa un formato de triplas RDF como estruc-
turas de datos distribuidas; un modulo de métricas, que calcula los indicadores de
evaluacion mediante consultas SPARQL y permite exportar los resultados en distin-
tos formatos como texto plano o CSV; un mddulo de autenticacion y autorizacion,
que gestiona el control de acceso seguin los roles de usuario definidos; y finalmente
una API que permite el acceso externo al sistema e introduce el paradigma de
Evaluacién Basada en Juegos como Servicio (Game-Based Assessment as a Service,
GBAaaS). Ademas, se llevaron a cabo pruebas de rendimiento utilizando distintas
configuraciones de clister y tamafios de conjuntos de datos. La configuracion mas
eficiente logré procesar dos millones de eventos de usuario (equivalentes a los datos
generados por 39 aulas utilizando un juego durante una hora a la semana durante
un mes completo) en un promedio de 107.2 minutos. Estos resultados demuestran
la eficiencia del sistema propuesto para el procesamiento de datos a gran escala y
confirman su aplicabilidad en escenarios reales.

Respecto al cuarto objetivo, la siguiente etapa de la tesis consistié en el de-
sarrollo de un modelo de prediccién en tiempo real del rendimiento estudiantil en
Shadowspect, un juego serio orientado a la geometria. Se realizaron predicciones so-
bre si el estudiante seria capaz de resolver o no el nivel en cuestion en tres intervalos
distintos (25%), 50% y 75% del tiempo medio de finalizacion de nivel), obteniendo el
modelo Random Forest (RF) una precision de 0.76 en el primer intervalo, 0.772 en
el segundo y 0.795 en el tercero. Esto indica un buen rendimiento predictivo incluso
en las primeras etapas del juego, cuando ain se dispone de informacién limitada.
Dado que RF es considerado un algoritmo de tipo “caja negra”, se utiliz6 el método
SHAP para explicar las predicciones individuales. Esta técnica de XAl permitié
identificar los factores mas relevantes que contribuyen al éxito de los estudiantes al
resolver los distintos niveles. Finalmente, este resultado incluye también un caso de



uso que demuestra como los modelos interpretables pueden aplicarse en el aula para
apoyar individualmente a los estudiantes durante las sesiones de juego y evaluacion.

La ultima contribucién de esta tesis presentd una herramienta web, desarrollada
sobre el framework de Django, disenada especificamente para optimizar el proceso
de etiquetado de datos en entornos GBA. Con este objetivo en mente, la herramienta
incorpora un modulo de procesamiento personalizado que transforma los datos en
crudo en instancias estructuradas almacenadas en la base de datos, junto con un
modulo de célculo de caracteristicas que analiza los datos y calcula automaticamente
un conjunto de variables para proporcionar contexto y apoyar el proceso de etique-
tado. Ademas, la herramienta ofrece distintas opciones de visualizaciéon de datos
segun el tipo de estos: plantillas compatibles con Unity WebGL para repeticiones
haciendo uso del propio motor del juego, repeticiones basadas en una representacion
textual de las acciones del usuario, un visualizador de video para grabaciones, y vi-
sualizaciones de ondas para archivos de audio. Todos estos componentes forman una
herramienta muy completa orientada a abordar una limitacién comun en el area y
a optimizar las tareas de etiquetado de datos, fundamentales para el entrenamiento
de modelos de TA precisos y confiables en este dominio.

Como principales conclusiones, esta tesis doctoral subraya el valor y potencial de
las GBA para la educacion y la formacion, destacando especialmente su capacidad
para fomentar el desarrollo y mantenimiento de las habilidades del siglo XXI. Estas
habilidades, como la colaboracion o el pensamiento critico, son cada vez mas con-
sideradas esenciales en una sociedad en transformacion constante y mediada por la
tecnologia. Aunque hemos visto que es posible extraer e inferir conocimiento valioso
a partir de los datos de interaccion de los usuarios, sigue siendo necesario avanzar
hacia marcos de evaluacion méas estandarizados, ya que la actual especificidad limita
la replicacién de experimentos y la transferibilidad de los resultados a la practica.
Ademas, la revision realizada también puso de manifiesto la importancia de disenar
juegos con disenos de calidad en lugar de las tipicas implementaciones béasicas, como
la inclusion de cuestionarios durante distintas etapas del juego.

También cabe destacar la necesidad de métodos de evaluacién mas sofisticados.
Aunque los conjuntos de datos generados son amplios y ofrecen un gran potencial
para aplicar técnicas innovadoras, los investigadores suelen emplear métricas e in-
dicadores simples que no logran captar la complejidad y naturaleza contextual de
ciertas habilidades y comportamientos, como las mencionadas habilidades del siglo
XXI. Sin embargo, para que estos métodos avanzados funcionen adecuadamente, se
requieren conjuntos de datos de tamano considerable, y dado que muchos estudios en
la literatura reportan limitaciones en el tamano de las muestras, este sigue siendo un
desafio importante en el campo. Ademads, muchas de estas técnicas emergentes son
percibidas como “inexplicables” por los actores no técnicos, lo cual también limita
su aplicabilidad en entornos reales. Por lo tanto, es fundamental seguir explorando
técnicas de explicabilidad que proporcionen a estos usuarios una comprension clara
de cémo funcionan estos modelos, promoviendo la confianza, la transparencia y la
toma de decisiones informadas en contextos practicos.

Como parte del trabajo futuro, la tesis propone tres posibles lineas de trabajo
para continuar esta prometedora linea de investigacion: en primer lugar, el desarrollo
de marcos de trabajo para el diseno e integracion escalable de evaluaciones basadas



en juegos, haciendo énfasis en la alineacion de las mecénicas de juego con los ob-
jetivos de aprendizaje, los métodos de evaluacion y los planes de estudio existentes
para facilitar su adopcién en entornos educativos; en segundo lugar, la validacion
empirica de soluciones GBA en contextos reales, centrandose en la evaluacién de la
validez, la usabilidad y la accesibilidad de estas soluciones para fortalecer el marco
interoperable propuesto; en tercer lugar, el avance de enfoques Human-in-the-Loop
(HITL) mediante el uso de la herramienta de etiquetado desarrollada para crear
modelos de evaluaciéon maés sofisticados, capaces de capturar comportamientos com-
plejos del alumnado y apoyar el entrenamiento de sistemas de TA confiables; y por
ultimo, la integracion de datos multimodales en los enfoques de evaluacion actuales
para enriquecer los modelos mediante evidencias provenientes de miiltiples fuentes
de datos.
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Introduction

Technology is rapidly changing the world we live in, reaching almost every aspect
of our daily lives, including education. Different digital tools and platforms have
been created to support these changes, including Learning Management Systems
(LMSs) such as Moodle and Canvas, online learning platforms, and collaborative
tools such as Google Workspace [1]. One prominent example of this digital trans-
formation is the growing use of games for learning purposes [2]. Although the use
of digital games is a relatively new trend, the idea of playing a game dates back
to the ancient past and is considered an integral part of all societies [3]. Today,
video games have become a widespread and influential element of everyday life,
particularly among families and younger generations. In the United States, 78% of
households have at least one person who plays video games, and in Europe, 53% of
people aged 6 to 64 years play video games on a regular basis [4], [5].

Although games are traditionally conceived as meaningful entertainment expe-
riences, there is ample evidence that they also serve as powerful tools for learning,
skill development, and assessment [6]. Specifically, Serious Games (SGs), which do
not have entertainment, enjoyment, or fun as their primary purpose, have gained
significant attention over the past decade, and their versatility and adaptability
make them a valuable tool across various contexts and domains. SGs have become
particularly popular in educational settings, where previous research has shown that
games can be more effective in learning than other traditional teaching methods due
to their inherent ability to promote engagement, motivation and active participation
[7]. Moreover, SGs are increasingly being adopted in corporate environments, and
they play an important role in healthcare for education, prevention and rehabilita-
tion purposes [§], 9.

SGs are currently being explored for their potential to provide assessments that
are as valid as traditional methods such as standardized tests, multiple-choice ex-
ams, and self-report surveys |10]. In particular, Game-Based Assessment (GBA) is
a specific application of games, referring to a type of assessment that uses players’
interactions as evidence to make inferences about their knowledge and skills [11].
Games are specially attractive as assessment tools because they allow the recreation
of realistic and immersive environments that closely mirror real-world contexts, sup-
porting an appropriate application of knowledge and skills. Additionally, GBAs can
embed measurement into the game mechanics, allowing for what is known as stealth
assessment [12]. This approach allows for the use of unobtrusive methods (e.g., eye
tracking and log files) to continuously collect data without interrupting the player’s
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experience |13]. Moreover, SGs are inherently engaging and motivating, and when
students are actively involved and interested, the assessments they complete are
more likely to reflect valid and reliable evidence of their true abilities [14].

Through GBAs, it is possible to measure a broad range of skills and constructs,
including competencies identified as essential for success in real-world contexts, such
as communication, teamwork and leadership, as well as 21st-century skills like cre-
ativity, critical thinking, or persistence [10], [15]. To measure such skills, conven-
tional methods, such as standardized tests or self-report inventories, offer static
snapshots that lack the granularity and real-time feedback needed for formative as-
sessment. In contrast, SGs can generate large amounts of granular interaction data,
even within a short gameplay session, which can serve as a rich source of evidence
to assess what players know and are able to do [16]. Additionally, examining indi-
vidual actions as well as more complex sequences of behaviors can reveal patterns
of engagement and offer valuable insights into the learning process [17]. As a result,
GBAs are well-suited for assessing complex, process-oriented skills that are difficult
to measure using traditional approaches.

However, before the potential of GBAs can be realized, there is still a number of
challenges to be addressed. The implementation of assessment features into Game-
Based Learning (GBL) environments is only in its early stages because it adds a
very time-consuming step to the design process |18|. Firstly, from a game design
perspective, it is important that the mechanics target the emotional, behavioral,
and cognitive aspects of the learner, which should be carefully assessed at different
stages of the learning process [18]. Secondly, the GBA machinery (including data
design, algorithms, dashboards, and other types of analytics) is usually designed
specifically for each game, which increases the cost, time, and effort required for
the implementation of such assessment features [19]. Although the large amounts of
granular data available are promising, standardized methods for transforming this
data into inferences about knowledge, skills, and attributes are not well-developed
[20]. This limits the scalability and generalizability of GBAs and underscores the
need for robust analytical approaches.

Usually, researchers and practitioners rely on different techniques to analyze
game data. Log file analysis is often the first step, involving the implementation
of basic rule-based methods that use features or metrics derived from event-level
data such as clicks, movements, decisions, and time spent on tasks. More advanced
techniques have emerged to capture the complexity of player interactions and com-
petencies, such as Machine Learning (ML), Deep Learning (DL), or process mining
[21], [22]. ML and DL methods can automatically detect patterns in gameplay
data and classify behaviors, predict certain outcomes, or infer player characteristics.
Meanwhile, process mining considers both the final outcome achieved by the student
and the entire process followed to obtain it. These insights can be used not only for
summative assessment purposes, but also to provide meaningful feedback to learn-
ers or even to dynamically adapt games based on individual needs [21]. However,
previous research has noted that GBAs typically rely on basic analyses, and more
advanced techniques such as process mining and ML remain underutilized [20].

In this Doctor of Philosophy (Ph.D.) thesis, we aim to analyze the current state
of the GBA area and build upon current limitations. The first contribution involves
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a comprehensive systematic review of current trends, challenges, and existing re-
search gaps, offering a detailed overview of the field. Based on the findings of this
review, we propose a set of innovative solutions to advance both the theory and
practice of GBA. First, we present an interoperable semantic model that enables a
consistent and structured representation of GBA data and processes. Building on
that model, our work includes a scalable framework designed to support interoper-
ability across different games assessment systems. Next, we incorporate eXplainable
Artificial Intelligence (XAI) techniques to enhance the interpretability of ML mod-
els that predict student performance, making the assessment process transparent
for learners and educators. Finally, we propose a practical tool to streamline the
collection of manually labeled data, which aims to facilitate the implementation of
ML techniques which aims to facilitate the implementation of ML techniques by
significantly reducing the time and effort required to prepare high-quality training
datasets. These contributions provide a comprehensive approach to addressing cur-
rent challenges in the GBA field, creating new opportunities for more effective and
scalable assessment practices.

This research is validated through a series of peer-reviewed articles that jointly
build this Ph.D. Thesis in compilation, being the Ph.D. candidate the main author
in all of them:

1. M. J. Gomez, J. A. Ruipérez-Valiente and F. J. G. Clemente, “A Systematic
Literature Review of Game-Based Assessment Studies: Trends and

Challenges,” in IEEE Transactions on Learning Technologies, vol. 16, no.
4, pp. 500-515, Aug. 2023, |10.1109/TLT.2022.3226661 [23]

2. M. J. Gomez, J. A. Ruipérez-Valiente, and F. J. G. Clemente, “Develop-
ing and validating interoperable ontology-driven game-based assess-
ments," Expert Systems with Applications, vol. 248 p. 123370, 2024.
10.1016/5 . eswa. 2024 .123370 [24

3. M. J. Gomez, J. A. Ruipérez-Valiente, and F. J. G. Clemente, “A frame-
work to support interoperable Game-based Assessments as a Service
(GBAaaS): Design, development, and use cases,” Software: Practice
and Experience, vol. 53, no. 11, pp. 2222-2240, 2023.10.1002/spe . 3254 [25]

4. M. J. Gomez, A. Armada Sénchez, M. Albaladejo-Gonzélez, F. J. G. Clemente,
and J. A. Ruipérez-Valiente, “Utilising Explainable AI to Enhance Real-
Time Student Performance Prediction in Educational Serious Games,”
Expert Systems, vol. 42, no. 3, p. €70008, 2025. |10.1111/exsy.70008 [26]

5. M. J. Gomez, J. A. Ruipérez-Valiente, and F. J. G. Clemente, “Optimizing
multimedia and gameplay data labeling: A web-based tool for Game-
Based Assessment,” SoftwareX, vol. 27, p. 101763, 2024, 10.1016/j.
softx.2024.101763 27]
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Objectives

The primary motivation of this Ph.D. thesis is to explore and advance the poten-
tial of GBA as an innovative solution for evaluating knowledge, skills, and behavior
in digital environments. This research aims to address the current GBA limitations
regarding scalability, interoperability, and interpretability. In this sense, the disser-
tation aims to expand our understanding of GBA, focusing on its design considera-
tions, practical implementations, and analytical possibilities. Through this lens, the
study addresses both the conceptual and technical aspects of GBA, focusing on how
game-based environments can provide valid, meaningful and adaptive assessment
experiences. This work is driven by the following core research objectives:

O1. Review the current state of GBA

With the rise in popularity of games and digital learning, novel applications for
assessing knowledge and skills have emerged, giving rise to GBA as a promising
alternative to traditional evaluation methods. However, there was no existing study
summarizing the current state of the field in this rapidly evolving area.

Therefore, Objective 1 consists in systematically analyzing the current state of
research in the GBA field, identifying key trends, challenges, and gaps in the lit-
erature that hinder its broader adoption and impact across various contexts. This
thesis examines the potential benefits of GBA and proposes several ways in which
it could be established as a reference model for future assessment practices. In
line with this objective, the research also highlights the main limitations associated
with implementing GBAs. This foundational analysis serves as the basis for the
subsequent contributions presented throughout the thesis.

O2. Design an interoperable semantic model for GBA log
data

One of the key open issues in the area is the specificity of GBA implementations.
Usually, literature relies on custom-designed data structures and log formats tailored
to individual games. This lack of standardization limits interoperability and data
reuse, making it difficult to generalize findings or scale assessment solutions.

Thus, Objective 2 aims to create an interoperable model that can contribute to
the standardization of the GBA field by integrating log data from a wide variety
of SGs into a single knowledge model. In addition, to ensure its effectiveness, this
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objective also intends to validate the model using widely accepted metrics from
the literature, demonstrating its applicability and relevance to diverse contexts and
scenarios.

O3. Build a scalable framework for interoperable GBAs

The growing use of SGs has led to the creation of large data repositories, pre-
senting a wide range of new assessment opportunities. Granular data from users’
interactions with games paves the way for the application of more advanced tech-
niques capable of detecting nuanced information related to users’ cognitive skills
and behavior. However, these techniques typically require large amounts of data to
perform well, and data processing suffers from performance issues when the dataset
exceeds the memory capacity of a single machine.

In this sense, Objective 3 aims to develop an efficient system capable of processing
large amounts of data and performing interoperable GBAs, significantly simplifying
the design process. With this objective in mind, this dissertation seeks to design
and implement a novel framework that leverages the previously developed semantic
model to integrate data from different games into a single, efficient system capable
of providing valuable insights into users’ skills and behavior at scale.

O4. Enhance Predictive Models through XAI

Data from SGs can also be used to provide timely and personalized feedback to
learners, or by educators to provide targeted assistance and support when needed
[28]. Although Artificial Intelligence (AI) techniques such as ML have demonstrated
strong predictive capabilities in this context, explainability remains an inherent
challenge of these approaches. This is specially important in GBA environments,
where educators and learners are often non-technical users who require clear and
understandable explanations of how such predictions are made.

Motivated by this limitation, XAI emerges as a powerful tool for producing more
transparent models while maintaining high performance. That way, XAI empowers
non-technical users to better interpret and understand Al-generated insights, en-
abling them to make informed decisions [29]. Thus, Objective j seeks to integrate
XAI techniques into GBA environments to enhance the interpretability of learner
performance predictions. Through this contribution, the thesis aims to provide a
comprehensive framework for interpretable models in GBAs, supporting a better
understanding of Al-driven assessments and facilitating informed decision-making.

O5. Optimize data labeling for AI techniques in GBA

GBAs can collect various types of data, including audio recordings, video cap-
tures, and log data from player interaction with games. As previously discussed, Al
models offer stakeholders a wide range of opportunities for learner assessment. In
this context, labeled data plays a crucial role in the development of such AI mod-
els and algorithms. However, researchers usually employ primitive methods, such
as Excel worksheets or manual annotations, as the data labeling process is time-
consuming and can be very costly, specially when expert annotators are required
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[30]. Although previous approaches for optimizing the labeling process have been
explored, existing data labeling tools are often too generic to address the specific
needs of GBA scenarios.

To address this gap, Objective 5 focuses on the design and development of a
practical tool adapted to the specific data requirements of GBA scenarios, with the
goal of enhancing the efficiency and accuracy of the data labeling process.

By completing these objectives, this research will contribute significantly to the
scholarly discourse on assessments using digital games, paving the way for more
scalable, interoperable, and interpretable GBA solutions that can be effectively in-
tegrated into educational, training, and other applied contexts.
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Chapter

Methodology

This chapter introduces the methodology followed in this Ph.D. thesis. The
methodology was conducted following a scientific approach based on the continuous
study of the state of the art and the analysis of the results obtained during the
different stages of the research. This thesis is defined as a set of five papers published
in high-impact journal indexed in the Journal Citation Reports (JCR).

M1. Systematic literature review

The first step in addressing [Objective O1| of this thesis was to provide a com-

prehensive overview of the research field. To achieve this, a systematic review of
the existing literature was conducted, aiming to offer a detailed understanding of
current trends, key challenges, and potential future directions in the field.

The review conducted a detailed analysis of recent research in the GBA area,
following a standard systematic literature review methodology based on the Pre-
ferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) [31].
After formulating a set of Research Questions (RQs), we applied a predefined set
of search queries across several identified bibliographic databases, along with clear
inclusion and exclusion criteria. This analysis covered a broad range of academic
publications, including journal articles, book chapters, and conference proceedings,
ensuring a wide coverage of the topic. The collected literature was comprehensively
categorized and analyzed based on specific criteria, such as the context in which
the GBA was applied, the primary purpose of the assessment, and the methods or
techniques employed. This granular categorization facilitated the identification of
prevalent trends, frequently used approaches, and potential gaps within the current
body of knowledge. These gaps form the basis for the subsequent studies presented
in this dissertation.

This step in the methodology highlighted open challenges in GBA research and
concluded with key insights and future research directions. The findings are vali-
dated through the following publication, available in Section [5.1}

o M. J. Gomez, J. A. Ruipérez-Valiente and F. J. G. Clemente, “A Systematic
Literature Review of Game-Based Assessment Studies: Trends and
Challenges,” in IEEE Transactions on Learning Technologies, vol. 16, no.
4, pp. 500-515, Aug. 2023, 10.1109/TLT.2022.3226661 [23]
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M2. Semantic model design and implementation

A crucial aspect of GBA is the nature and structure of the data used, as both the
type and format of the data directly affect the validity, interpretability, and outcomes
of the assessment. One key finding from the systematic review was that very few
studies reported details about the type or format of the data employed. This is often
due to the fact that researchers use specific data formats and customized methods
tailored to individual games, making the integration of assessment into games both
costly and time-consuming.

In response to this gap, and to address [Objective O2] we designed and imple-
mented an ontology-driven semantic model aimed at standardizing log data formats
in GBA. This model enabled the integration of data from a variety of games into
a unified ontology framework. For the development of the ontology, we adopted
Methontology [32], a structured methodology recognized as the most mature ap-
proach for building ontologies and recommended by the Foundation for Intelligent
Physical Agents (FIPA). Following the creation of the ontology, we conducted a
formal evaluation to identify potential design and technical issues in the model.

In addition, to validate the model’s suitability and applicability, extensive simula-
tions and real-world tests were conducted, evaluating its functionality across diverse
contexts and with various data formats. This validation study incorporated a selec-
tion of previous metrics from literature, as well as the design and implementation
of novel metrics that demonstrated the assessment and generalization capabilities
of the presented approach. The results are validated in the following publication,
available in Section [5.2}

e M. J. Gomez, J. A. Ruipérez-Valiente, and F. J. G. Clemente, “Develop-
ing and validating interoperable ontology-driven game-based assess-
ments," Expert Systems with Applications, vol. 248, p. 123370, 2024.
10.1016/j.eswa.2024.123370 [24]

M3. Interoperable framework development

The systematic review revealed that most assessments are conducted with small
sample sizes, resulting in low statistical power and limited generalizability. To sup-
port more meaningful and generalizable assessments, it was essential to provide
a scalable and interoperable framework that allows the application of assessment
techniques without concerns about performance or scalability constraints. Given
the developed ontology-driven model, the immediate next step was to leverage this
semantic model to design an interoperable framework capable of aggregating and
analyzing data across different games.

This step addresses and involved the creation of a framework to
fulfill five key requirements: 1) the integration of an intermediate semantic layer; 2)
the ability to process large-scale data; 3) interoperability for GBA metrics and visu-
alizations; 4) easy communication with external sources; and 5) support for privacy,
authentication, and authorization configurations. To integrate data from different
games into an ontology-compatible format, a preprocessing stage was performed in
which the data is transformed into RDF/XML format. The developed architecture
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incorporates the existing SANSA framework as a basis for performing our analysis.
SANSA [33] is an open-source structured data processing engine that enables dis-
tributed computation over large-scale RDF datasets. Within our architecture, we
leveraged SANSA’s capabilities to perform interoperable assessments; for example,
using the inference library to infer new information from the existing RDF data, or
the querying library, which provides methods for performing queries directly over
the constructed RDF graphs.

Additionally, this step involved a case study validation in which the output from
the architecture was used to build a learner report system and exemplify how the
assessment architecture can be used in real contexts. The results are published in
the following article, available in Section [5.3}

o M. J. Gomez, J. A. Ruipérez-Valiente, and F. J. G. Clemente, “A frame-
work to support interoperable Game-based Assessments as a Service
(GBAaaS): Design, development, and use cases,” Software: Practice
and Experience, vol. 53, no. 11, pp. 2222-2240, 2023.10.1002/spe . 3254 [25|

M4. Interpretability in predictive models

One of the remaining challenges in the field was the development of new ap-
proaches to improve interpretability in GBA environments. In this regard, this step
of the methodology focused on enhancing the interpretability of ML models used to
predict learner performance. The specific methodology was structured into two main
components: performance prediction model development and model interpretability
and explanations.

The first component refers to the methodology followed to build the ML models.
A set of features was designed to predict users’ performance in a SG, specifically
whether a user would successfully complete the level being played. To achieve this,
a multi-prediction approach was employed, based on distinct time intervals derived
from the average completion time of each level. These intervals were defined at 25%,
50%, and 75% of the average completion time, enabling the real-time monitoring of
player progress at different points during gameplay. Based on these intervals, a set of
features was created and categorized into three groups: user features, which provide
information about the user’s overall performance; level features, which capture the
unique characteristics of each level; and attempt features, which provide detailed
information about the user’s actions and decisions during a specific level attempt.
Then, we considered a set of ML algorithms for training and selected the models
and configurations associated with the algorithms that achieved the best average
results.

The second component refers to the methodology followed to achieve model in-
terpretability. If the best model was inherently interpretable, its interpretability was
leveraged to explain the model’s predictions. However, if the selected model lacked
inherent interpretability, XAl techniques were applied to generate meaningful ex-
planations for its predictions. In particular, a post hoc, model-agnostic, and locally
interpretable method was employed. This approach allowed for the interpretation of
different models (model-agnostic) by analyzing their behavior on individual predic-
tions (locally interpretable) after the model has been trained (post hoc). Specifically,
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we selected SHAP, a method for explaining individual predictions based on Shap-
ley values from cooperative game theory, which quantifies the contribution of each
feature to a particular prediction in a consistent and theoretically grounded manner
[34].

The results of this study address [Objective O4| and are presented in the following
publication (see Section [5.4)):

« M. J. Gomez, A. Armada Sénchez, M. Albaladejo-Gonzélez, F. J. G. Clemente,
and J. A. Ruipérez-Valiente, “Utilising Explainable AI to Enhance Real-
Time Student Performance Prediction in Educational Serious Games,”
Expert Systems, vol. 42, no. 3, p. €70008, 2025. 10.1111/exsy.70008  [26]

M5. Implementation of an open-source practical tool to
enhance the labeling process

In the context of GBA, human-labeled data is often underutilized, limiting the
effective application of AI techniques. To address[Objective O5] an open-source tool
was developed to optimize the labeling process in this domain. This involved the
creation of a web-based application specifically designed for annotating GBA data,
with support for audio, video, and game-event streams.

The tool is presented comprehensively in the following article (see Section :

o M. J. Gomez, J. A. Ruipérez-Valiente, and F. J. G. Clemente, “Optimizing
multimedia and gameplay data labeling: A web-based tool for Game-
Based Assessment,” SoftwareX, vol. 27, p. 101763, 2024, 10.1016/j.
softx.2024.101763 7]

M6. Conclusions and future work

This PhD thesis concluded with a synthesis of the main findings and a discussion
of their implications for GBA research and practice. The conclusion also highlighted
potential directions for future work, particularly in the context of rapidly evolving
educational technologies and the increasing availability of gameplay data.
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Results

In this chapter, the key findings and major contributions of this Ph.D. are care-
fully outlined and discussed.

R1. The current state of GBA

The first publication of this thesis (A Systematic Literature Review of Game-|
IBased Assessment Studies: Trends and Challenges)) presents a systematic review of
the current state of the field (Step M1|), based on an analysis of 65 research papers
published between 2013 and 2020. This study first identifies that GBAs are applied
in different contexts, with the most common being K-16 education (specifically high
school and middle school), the workplace, and medical settings. Regarding the pur-
pose of the assessment, the review finds that most studies focused on using games to
evaluate learning outcomes, while also aiming to demonstrate that these assessments
represented valid measures within real educational environments.

The analysis also reveals four major domain categories across the reviewed re-
search papers: STEM, humanities and social sciences, cognitive and soft skills, and
physiological capacities. The survey further revealed that many of the studies had
small data samples, with nearly half of them explicitly reporting data sample lim-
itations. Directly influenced by the previous finding, the review found that most
studies (80%) employed descriptive statistics as their primary analytical method,
while a smaller proportion (36%) utilized ML techniques, and only a single study
applied DL methods.

In addition, the discussion highlights several open challenges in the field based
on the reported findings. One of the most significant challenges is related to replica-
tion and the difficulty of transferring research into practice. The systematic review
revealed that, in most cases, the game or tool used in the studies was not made
publicly available, and critical information about the datasets was often missing.
Furthermore, many studies lacked transparency in key methodological aspects. Re-
garding the applied methods, the review underscores the need to explore more ad-
vanced analytical techniques. However, this is constrained in current research due
to the limited size of data samples used. Moreover, as researchers increasingly adopt
such techniques, the survey also emphasizes the growing need for more interpretable
models to ensure transparency and facilitate understanding of the results.

In conclusion, the systematic review effectively maps out the current landscape
of assessments using digital games, identifies the methodologies employed to analyze
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collected data, and highlights both the potential and challenges of leveraging game-
based environments for modeling user behavior and assessing learning progression.

R2. Interoperable ontology-driven GBAs

The lack of information about datasets and key methodological aspects under-
scores the need for an interoperable framework to conduct GBAs. As a result of
step [M2], the second publication of this Ph.D. thesis (Developing and Validating]
IInteroperable Ontology-driven Game-Based Assessments)) presents a novel ontology
that conceptualizes the core concepts and relationships of the GBA domain, such as
Game, Scenario, User, and UserGroup. Moreover, relationships between concepts,
such as that between User and UserGroup, are designed to enhance the model and
can be further leveraged to perform ontology queries involving reasoning tasks.

To practically validate the ontology, we used two groups of metrics: those derived
from previous literature, such as activity indicators, event types, and user perfor-
mance, and newly designed metrics, including persistence and play styles. The initial
calculations required for these metrics are implemented in form of SparQL (the stan-
dard language for querying RDF data) queries. More advanced techniques, such as
ML, can also be integrated into the system by developing separated scripts that
leverage the results obtained from the SparQL queries.

Finally, to illustrate how this ontology-based approach can be applied in a real
environment, this research presents a case study that tests its interoperability and
usability using data from ten different SGs, integrated within a visualization dash-
board system. This dashboard allows instructors to monitor learners’ activities while
playing, use the collected data to adapt their interventions when needed, or even
incorporate the resulting metrics into formative assessments.

Notably, this research is pioneering in enabling interoperable assessments using
data from diverse SGs, through the development of an ontology-based semantic
model that allows the integration of game data into a unified framework. Compared
to the limitations identified in the systematic review, this approach paves the way
for greater interoperability, reusability, and reproducibility in GBA research and
practice.

R3. A framework to support scalable and interoperable
GBAs

Following the completion of the previous study, step presents a novel ap-
proach that combines the use of ontologies with a big data architecture to perform
interoperable GBAs. The third core article of this dissertation, [A framework to|
lsupport interoperable Game-based Assessments as a Service (GBAaaS): Design, de-|
velopment, and use cases, presents two main contributions. First, it details the
development of a scalable and interoperable framework that uses SANSA-Stack and
the previously developed ontology as a baseline. Second, it describes the evaluation
of the framework, focusing on both system performance and usefulness through a
case study.
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The proposed framework has five main components. First, the preprocessing
module transforms the raw data, which can be received in various standard formats
such as CSV, TSV, or JSON, into RDF format, making it compatible with the
ontology-based knowledge model. Once the data is converted into the appropriate
format, the analytics, inference, and querying module reads the data in the form of
RDF triples in order to process it as a distributed data structure. To enrich the
existing knowledge in the dataset, the system allows the definition of custom rules,
which can be used to infer new knowledge from existing facts. After the inference is
completed, the metrics module computes the defined in-game metrics using SparQL
queries. The results can then be exported in a human-readable text format, saved
as CSV files, or stored in a MySQL database.

The fourth component is the authentication and authorization module. This
module enables access control to specific resources based on user roles. Specifically,
the system defines three distinct roles: the admin role, which has full access to
system functionalities; the instructor role, which can insert new GBA data and query
metrics related to the games and groups they are involved in; and the learner role,
which is limited to querying their own metric results. Finally, the system includes
a Service API that allows it to be accessed as an external service, introducing the
paradigm of Game-Based Assessment as a Service (GBAaaS). The API provides
methods for retrieving metric data and for submitting new data to be processed by
the system. For data submission, two types of endpoints are available: one designed
for uploading complete datasets and another one for integration with streaming-
oriented systems (e.g., a user is playing a game and the system sends individual
events to the API in real time).

The performance evaluation was conducted using different cluster configurations
and dataset sizes to assess how the architecture was able to handle incoming data.
The results indicated that the cluster of one master node and four worker nodes
offered the best balance between resource management and performance. This con-
figuration was capable of processing two million user events (equivalent to data
generated by 39 classrooms using a game for one hour per week over the course of
a month) in an average of 107.2 minutes. In addition, the case study validation
included the implementation of a dashboard and a reporting system, both of which
consumed the Service API. These two components showed the benefits of interop-
erability between games and metrics, as well as the effectiveness of the role-based
access control implemented in the architecture, which ensures that each user only
sees the information relevant to their role.

RA4. Interpretability in real-time predictive models

Derived from methodologlcal step - M), the fourth pubhcatlon (|Ut1hsmg Expla1n—|

mtroduces a novel methodology for improving 1nterpretab1hty in real—

time performance prediction models. The configuration and evaluation of the Al
algorithms, conducted through a ten-fold cross-validation, demonstrated that the
Random Forest (RF) algorithm achieved the best performance across all evaluated
time intervals (25, 50 and 75% of the average level completion time). Specifically, the

39



CHAPTER 4. RESULTS

RF model obtained a balanced accuracy of 0.76 at the 25% interval, 0.772 at 50%,
and 0.795 at 75%. It is noticeable that the models exhibited good performance even
in the earliest time interval, when only limited information was available. The test
results were consistent with the validation outcomes, with the third time interval
model achieving the highest balanced accuracy (0.793).

Since RF is considered a “black box” algorithm, the study employs the SHAP
method to explain individual predictions. This approach enables the identification
of the most relevant factors contributing to students’ success in solving different
levels. The results revealed that the most critical features across all predictions
were related to the level difficulty and the number of actions performed by the user
during gameplay. This means that the model’s prediction is mainly influenced by
these features, although other features, such as the number of previously completed
levels and the time spent on the current level, also contribute to the prediction.

Finally, the research presents a use case to illustrate how the enhanced inter-
pretability can be applied in a classroom setting to support individual students.
This is achieved by providing the teacher with a visualization that shows the model’s
current prediction along with the features contributing to that prediction. In this
way, if the teacher observes that a student is struggling with a specific puzzle for
identifiable reasons, they have the opportunity to offer personalized support if nec-
essary.

Results from this research demonstrate that the developed ML models can an-
ticipate students’ task completion in a SG, making accurate early predictions even
after a short period of gameplay. Moreover, the study highlights how these predic-
tions can be made fully explainable by incorporating both intrinsic and extrinsic
explainability options. In doing so, this work offers a framework for interpretable
models in this domain, enabling a deeper understanding of AI model predictions
and supporting informed decision-making in educational contexts.

R5. GBA Labeling Tool

As a result of step[M5], the fifth publication of this Ph.D. thesis (Optimizing mul-|
ftimedia and gameplay data labeling: A web-based tool for Game-Based Assessment))
introduces a novel open-source labeling tool specifically designed for annotating var-
ious types of GBA data. The tool is developed using the Django framework and
employs a SQLite embedded database, which is well-suited for most low to medium
traffic applications. The application supports audio, video, and game-event data,
and uses a custom parser to transform the raw game-event data into structured
event instances within the database. In addition, the tool includes a feature com-
puting module that analyzes the data and automatically calculates a set of relevant
features to provide context and support during the labeling process.

Since the way data is visualized during annotation is crucial, the application pro-
vides multiple visualization options. Specifically, game-event data can be visualized
in three different ways. First, the tool includes templates that support integration
with Unity WebGL applications, allowing the use of the game engine itself to re-
play and visualize the gameplay. This offers annotators a rich, interactive way to
observe player actions as they occurred in-game. Second, the tool can generate a
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textual (“pretty-printed”) representation of the game events. This representation
includes key information such as the name of each action and its timestamp rel-
ative to the previous action. Moreover, these text replays are fully customizable,
since annotators can define new event types by combining existing ones along with
a set of regular expression operators, enabling flexible and specific representations
of gameplay sequences. Finally, the third visualization method involves plotting the
game-event data. These plots offer a graphical representation of the sequence of
actions over time, helping annotators to quickly locate patterns and key moments
in the data.

Regarding annotations themselves, we define three types of annotations: global
annotations, which indicate that a specific label applies to the entire replay; time-
instant annotations, which indicate the occurrence of a specific label at a particular
moment within the gameplay; and time window annotations, which refer to labels
that span a defined time interval between beginning and end of the replay. These
annotation types allow for flexible labeling, accommodating a wide range of use
cases and research objectives. Finally, the tool provides functionality to export
the annotated data in both JSON and CSV formats, allowing researchers to easily
integrate the data with external analysis pipelines.
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Technology has become an essential part of our everyday life, and its use in educa-
tional environments keeps growing. In addition, games are one of the most popular
activities across cultures and ages, and there is ample evidence that supports the
benefits of using games for assessment. This field is commonly known as game-based
assessment (GBA), which refers to the use of games to assess learners’ competencies,
skills, or knowledge. In this article, we analyze the current status of the GBA field
by performing the first systematic literature review on empirical GBA studies. It
is based on 65 research papers that used digital GBAs to determine: the context
where the study has been applied, the primary purpose, the domain of the game
used, game/tool availability, the size of the data sample, the computational methods
and algorithms applied, the targeted stakeholders of the study, and what limitations
and challenges are reported by authors. Based on the categories established and our
analysis, the findings suggest that GBAs are mainly used in K-16 education and for
assessment purposes, and that most GBAs focus on assessing STEM content, and
cognitive and soft skills. Furthermore, the current limitations indicate that future
GBA research would benefit from the use of bigger data samples and more special-
ized algorithms. Based on our results, we discuss current trends in the field and
open challenges (including replication and validation problems), providing recom-
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A Systematic Literature Review of Game-Based
Assessment Studies: Trends and Challenges

Manuel J. Gomez ', José A. Ruipérez-Valiente

Abstract—Technology has become an essential part of our
everyday life, and its use in educational environments keeps
growing. In addition, games are one of the most popular activities
across cultures and ages, and there is ample evidence that
supports the benefits of using games for assessment. This field is
commonly known as game-based assessment (GBA), which refers
to the use of games to assess learners’ competencies, skills, or
knowledge. In this article, we analyze the current status of the
GBA field by performing the first systematic literature review on
empirical GBA studies. It is based on 65 research papers that used
digital GBAs to determine: the context where the study has been
applied, the primary purpose, the domain of the game used, game/
tool availability, the size of the data sample, the computational
methods and algorithms applied, the targeted stakeholders of the
study, and what limitations and challenges are reported by
authors. Based on the categories established and our analysis, the
findings suggest that GBAs are mainly used in K-16 education and
for assessment purposes, and that most GBAs focus on assessing
STEM content, and cognitive and soft skills. Furthermore, the
current limitations indicate that future GBA research would
benefit from the use of bigger data samples and more specialized
algorithms. Based on our results, we discuss current trends in the
field and open challenges (including replication and validation
problems), providing recommendations for the future research
agenda of the GBA field.

Index Terms—Educational technology, game-based assessment
(GBA), game-based learning (GBL).

1. INTRODUCTION

ECHNOLOGY is progressively changing the world in

which we live. Over the last decade, it has started to make
a significant impact on educational environments, and increas-
ing evidence has been accumulated showing the positive impact
of technology in education [1]. One of the most prominent
examples of technology in education is the use of digital
games [2]. This type of games has become a significant part of
families and, especially, among young people around the world.
In fact, three-quarters of all U.S. households have at least one
person who plays video games [3], while in Europe, 51% of the
population aged 661 years play video games (an average of 8.6
h/week) [4]. Moreover, many educators see digital games as
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powerfully motivating digital environments because of their
potential to enhance student engagement and motivation in
learning [5]. This increasing interest provides an opportunity to
use video games as a tool to improve learning and education.
Specifically, there is much enthusiasm in the field of education
about game-based assessment (GBA) because conventional
assessment methods do not seem to fully have the power to mea-
sure all aspects of students’ knowledge, skills, and attributes [6].

Accompanying this explosion in technology use is the quan-
tity, range, and scale of data that can be collected, which have
increased exponentially over the last decade [7]. In education,
the increase in e-learning resources, educational software such
as Google Classroom or Kahoot, and the use of the Internet have
created large repositories that provide a goldmine of educational
data that can be explored and used to understand how students
learn [8]. Regarding games, they allow recreating more authen-
tic situations compared to traditional classroom activities, such
as lectures or written exercises. From these situations, we can
collect a vast amount of detailed data on students’ interaction
with the game, which provides a great opportunity to make
GBAs in ways that are not possible in traditional testing [9].

Over the last ten years, numerous studies (see the work
in [10] for a meta-analysis) have reported that games can be
more effective for learning than other traditional teaching
methods. In addition, when measuring the competencies
acquired, most traditional tests present individual and decon-
textualized items to learners, while 21st-century competencies
benefit from being applied in context for more accurate meas-
urements. Furthermore, classic assessment often interrupts the
learning process, and it does little to motivate learners [11].
Since digital games often employ challenging, interesting, and
complex problems, they can be used to generate evidence of
21st-century competencies, which are traditionally difficult to
measure using conventional forms of assessment [12]. The
advantages of using games as a form of assessment are mani-
fold [11], [13], [14]: they are engaging and motivating (Which
provides more valid assessments), and they allow us to create
more complex and authentic scenarios required to assess the
application of knowledge and skills. Moreover, immediate
feedback based on learners’ activity can reveal teachers’ spe-
cific areas of difficulty to make learners keep up with the pace
of the class, and such assessment would result in an adaptive
game environment, which changes with learners’ activity.

The implementation of assessment features into game envi-
ronments is only in its early stages because it adds a very
time-consuming step to the design process [15]. This situation
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calls for a review of the current state of the art in the GBA
field for effective implementations. In this respect, we found
some previous works that performed metareviews of the exist-
ing research on the different applications of games in learning
and education. For example, Qian and Clark [16] reviewed
137 papers to determine what empirical evidence existed con-
cerning the effects of game-based learning (GBL) on 21st-cen-
tury competencies and identified successful game-design
elements that aligned well with established learning theories.
Moreover, Alonso-Fernandez et al. [17] carried out a review
focused on data science applications to game learning analyt-
ics data, showing that the primary purpose when analyzing
data from serious games was assessment. Furthermore, Gris
and Bengtson [18] aimed to answer how learning, engage-
ment, and usability of games are evaluated in GBL research.
To this aim, they conducted a systematic review of 91 empiri-
cal studies and categorized their measures and instruments.
The researchers concluded that future research in GBL studies
should add direct assessments and indirect measures to assess
engagement and usability. Guan et al. [19] provided a system-
atic review of 35 experimental studies that substantially inte-
grated gaming elements in primary school lessons and they
noted that gamification was the most frequently used game
genre. Finally, Chen et al. [20] conducted a systematic review
of 146 articles related to GBL in science and mathematics
education. These researchers concluded that GBL is mainly
used to increase learner motivation and engagement and
reduce learning anxiety. They also revealed that analyzing
higher order thinking skills (e.g., problem-solving, group col-
laboration) is one of the main hot topics in the community.
Despite the previous reviews of the use of games in learning
in education, we have not found any specific study reviewing
literature about GBA. For this reason, this article aims to con-
duct the first systematic literature review on the applications of
empirical GBA studies and answer some research questions
(RQs) based on the analysis performed to discover current
trends and open challenges in this area. The results obtained
will provide an overall view of the GBA field, defining its cur-
rent status and potential future steps in the research in this area.
The rest of this article is organized as follows. Section II
describes the methods, including some terminology clarifica-
tions, the RQs, databases and search terms, research selection,
as well as review process. Section III presents the analysis and
synthesis of our results. Then, we end the article with a discus-
sion in Section IV and Finally, Section V concludes this article.

II. METHODS

We followed a standard systematic literature review meth-
odology, using the preferred reporting items for systematic
reviews and meta-analyses (PRISMA) [21] as a basis for con-
ducting our systematic review. First of all, we formulated
each RQ. Then, we used a fixed set of queries on a preidenti-
fied bibliographical database, and a set of inclusion and exclu-
sion criteria. Next, we made a full paper review and coding
process of the RQs, and finally, we carried out a synthesis and
analysis. No time restrictions were set. We can see a flow

[ i ion of studies via and regi:
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Records identified from Scopus: 94 Records removed before screening

Records identified from the Web of
Science: 65

l

Records screened: 104 —>
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Duplicate records removed: 55

Identification
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£

H Reports sought for retrieval: 97  —» Reports not retrieved: 2

5

’ !

Reports assessed for eligibility: 95 +—»
i Reports excluded
* Not using a digital GBA tool: 5

k4 * Not including empirical results: 25

% Studies included in the review: 65

£
Fig. 1. Flow diagram representing the different phases of the systematic
review.

diagram representing the different stages of our systematic
review (following the PRISMA template [22]) in Fig. 1.

A. Terminology Clarifications

In this section, we present a set of definitions that aim to
clarify the concept of GBA, which is the focus of this system-
atic literature review. First, we can define a game as “a system
in which players engage in an artificial conflict, defined by
rules, that results in a quantifiable outcome” [23, p. 80]. In
addition, games also have clearly defined goals and obstacles
for the player to overcome, providing only intrinsic rewards
(satisfaction for getting the right answer) [24]. Second, GBL
can be regarded as an innovative learning approach where a
game is developed to deliver immersive and attractive learn-
ing experiences aiming at particular learning goals, experien-
ces, and results [25]. Thus, GBL uses a game containing
learning content derived from school curricula or essential life
skills to improve the learning experience. Moreover, GBA is a
specific application of games, referring to a type of assessment
that uses players’ interactions with the game, both digital and
nondigital, as a source of evidence to make meaningful infer-
ences about what players know and can do (i.e., knowledge,
skills), and how individual players interact with the game as a
problem-solving process [15], [26]. Finally, we have the con-
cept of gamification, which is usually defined as “the use of
game design elements in nongame contexts” [27, p. 9].

Although GBL and GBA are often confused with gamifica-
tion and gamified assessment, it is undeniable that some dif-
ferences exist between them. While GBL implies the use of a
game developed for learning purposes, gamification utilizes
game elements in nongame contexts, not necessarily using full
games inside the activities [28]. Thus, GBA also implies the
use of a game developed for assessment purposes, using play-
ers’ interaction with the game as a way to obtain evidence and
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use this evidence as a form of assessment. Therefore, tools that
use gamified activities to assess students’ knowledge (e.g.,
Kahoot, Duolingo) use gamified assessments and cannot be
considered as GBAs. We can also make a clear distinction
between GBA and a simple measurement using games since
GBA is intended for evaluating players’ skills or knowledge
based on their interaction with the game. As Ghergulescu and
Muntean [29, p. 357] state, “measurement represents the pro-
cess of collecting the information needed for assessment.” In
other words, measurements are used as evidence to make
meaningful inferences about what players know and can do,
while measurements using games do not perform that evalua-
tion. These are the definitions that we applied as part of the
systematic review screening process to consider a given paper
within the GBA field or not, including or discarding that study.

B. Research Questions

To state each one of the RQs, we analyzed and simplified
the steps in empirical GBA research [30], which can be seen
in Fig. 2.

In this process, we can identify the following five different
stages:

1) learning environments, with the context and learners;

2) the GBA tool that is going to be used in the research;

3) data collection, to identify which data has to be collected
and how to store them;

4) modeling and assessment machinery;

5) educational application, to identify the final objective and
target users.

From these stages, we identified the following RQs, which
allow us to understand the open challenges and current trends
in the area.

RQI1. In what context or environment has GBA been applied?

RQ2. What is the primary purpose of GBA?

RQ3. What is the domain of GBA?

RQ4. Is the game/tool used available to the public?

RQS5. What is the size of the data sample used in the study?

RQ6. What computational methods and algorithms have been
applied in the research?

RQ7. What stakeholder is the intended recipient of the
research results?

RQS8. What limitations and challenges do the authors address?

In addition, Fig. 2 also shows the mapping between the dif-
ferent stages and the RQs identified. RQ1 is based on the first
stage, related to the learning context. Then, RQ2, RQ3, and
RQ4 are based on the second stage, which refers to the GBA
tool used, its primary purpose, the domain, and availability.
Next, we wanted to investigate the sample size (RQS5) which

Limitations | Ras

RQ1 RQ2 RQ3 RQ4 RQ5 RQ6
g Modeling and
Context Game-based Data collection
Assessment tool

assessment
machinery
Application | Ra7

Fig. 2. Simplified view of the steps in GBA empirical research.

is situated in the data collection stage. Regarding the modeling
and assessment machinery, our objective was to investigate
the computational methods and algorithms applied in the
research (RQ6). RQ7 refers to the application of the research
in the desired context, identifying the main stakeholder of the
research. Finally, RQ8 aims to identify the research limitations
at any stage.

C. Databases and Search Terms

We have queried two databases: Scopus and the Web of
Science since they are the most widely used databases in dif-
ferent scientific fields and are often used for surveying the
literature [31]. Scopus is the world’s largest citation database
of peer-reviewed research literature, with over 22 000 titles
(including journals, conferences, and book series) from more
than 5000 international publishers, of which 20 000 are peer-
reviewed journals in the scientific, technical, medical, and
social sciences [32]. Moreover, the Web of Science, the sec-
ond biggest bibliographic database, can be used to track ideas
going back several decades from almost 1.9 billion cited refer-
ences from over 171 million records [33].

To perform the search on both databases, we restricted the
query to title and keywords: 1) we included the term “game-
based assessment” and searched for it within the paper titles;
2) we included the term “game-based assessment” and
searched for it within the paper keywords. Thus, we used the
following final search query:

(TITLE(“game-based assessment”) OR KEY(“game-based
assessment’)).

The initial selection of studies was retrieved in January
2021, and this query generated 159 initial studies (94 from
Scopus and 65 from the Web of Science).

D. Inclusion/Exclusion Criteria

After obtaining the initial collection, we excluded the dupli-
cated records from the two databases (55 studies). Then, we
made a first brief review of all papers, comparing them against
the inclusion and exclusion criteria. This first review was con-
ducted by one of the authors. After the first analysis, we classi-
fied studies as included or excluded, and the coding results were
discussed collaboratively by the three authors in order to obtain
the final set of included and excluded studies and avoid possible
errors. The inclusion/exclusion criteria followed are described
as follows. Given these criteria, the paper was included if all of
the following conditions were met (i.e., if one condition was not
met, the paper was excluded). Furthermore, the conditions were
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Fig. 3. Number of selected studies and rate in the collection per year of
publication.

applied sequentially so that a paper not matching a condition
was excluded immediately from the collection.

1) The paper was written in English or Spanish (languages
in which the authors have high proficiency): 0% of the
papers were excluded.

2) The paper was fully accessible: 1.9% of the papers were
excluded (2 studies).

3) The paper was published in conference proceedings,
journals, or edited books/volumes (i.e., book chapter):
0% of the papers were excluded.

4) The paper was not extended at a later time (i.e., a con-
ference paper that was later on extended in a journal
paper): 6.9% of the papers were excluded (7 studies).

5) The paper used a digital GBA tool: 5.3% of the papers
were excluded (5 studies). See Section II-A for relevant
definitions.

6) The paper included empirical evidence related to the
outcomes of applying the GBA tool: 27.8% of the
papers were excluded (25 studies).

E. Final Paper Collection

After the first brief review to ensure that every paper met
our inclusion/exclusion criteria, we excluded a total of 39
papers. Thus, the final paper collection consists of 65 studies.

Fig. 3 shows the distribution of papers within the final collec-
tion by publication year. We see an increasing interest in this
particular topic: between the years 2013 and 2016, we only
have 21 (32.3%) published papers that matched our criteria,
while between 2017 and 2020, there are 44 (67.7%) of them.

We also collected each paper’s keywords and made a brief
analysis to describe our paper collection. For our analysis, we
excluded the “game-based assessment” keyword since it was
the most common one. The most frequent keywords are pre-
sented in Fig. 4. The total sum of keywords is 299 while there
are 201 unique keywords. The average keyword was found
1.48 times. As we can see, the predominant keywords strongly
focused on games, assessment, and analytics.

F. Review and Coding Process

In the coding stage, we collected the data of the selected
studies that we consider to be the most valuable to address the

Frequency

) N o
« & W a&)ao -\r(\o"‘\\o
e? @

Fig. 4. Distribution of keywords across articles in the final collection.

RQs in Section II-B. Based on the aim of the review, we fol-
lowed an inductive coding scheme (also called open coding).
This means that the codes created were based on the qualitative
data itself [34]. This is an iterative process since researchers
can add new codes, split an existing code into two, or compress
two existing codes into one as they continue reviewing data.
Specifically, in our analysis, we first made a brief review of
each paper (conducted by one author), collecting all the neces-
sary information to code each RQ at once. After that, we fol-
lowed an iterative process whereby we continued reviewing
the information corresponding to each RQ sequentially, and
unclear results were discussed and contrasted by the three
authors. The full results of the coding process per paper are
available in [35]. In addition, it should be noted that each paper
can fit into more than one of the codes created for each RQ.

III. RESULTS

A. In What Context or Environment Has the GBA Been
Applied? (RQ1)

GBAs can be used in very different environments. Our anal-
ysis reveals that there are three main contexts where GBAs
have been used.

1) K-16 education: Some papers use GBAs in K-16
education (e.g., school, university) to support teaching
and learning. More specifically, games are most com-
monly used in middle school and high school (23.1%).
However, games are also used in other K-16 education
environments such as primary school (15.4%) and uni-
versity (10.8%). For example, Di Cerbo et al. [36] used
game data from 751 US middle school players.

2) Medical: Games can also be used in medical environ-
ments for different purposes (e.g., rehabilitation). For
example, Lindenmayer et al. [37] examined the feasibil-
ity of administering the GBA in a sample of inpatients
with chronic schizophrenia with low levels of function-
ing. Moreover, Wiloth et al. [38] aimed to present data
on construct validity, test-retest reliability, and feasibil-
ity, measuring motor-cognitive functions in multimorbid
patients with mild-to-moderate dementia. Regarding
construct validity, the authors tested eight hypotheses
and confirmed seven of them (87.5%), thus indicating
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Fig. 5. Papers’ category distribution based on RQI.
excellent construct validity. Moreover, the authors found
moderate-to-high test-retest reliability (ICC=0.47-0.92).
3) Workforce: Another option is the use of games to
assess in professional environments. In this context,
enterprises can use games to evaluate their employees
or provide them with additional feedback. Even now,
companies can include the use of GBA for the recruit-
ment of staff and the selection process [39]. This idea is
supported by the fact that in-game constructs show sim-
ilar relationships with in-game performance to what the
workforce constructs do with job performance [40].
There are also some studies such as [41] that did not specify
in what context their games were used (11 studies, 16.9%).
We can see the number of papers fitting in each category in
Fig. 5. As the figure shows, GBAs are mostly used in K-16
education (41 studies, 63.1%), followed by medical (8
studies, 12.3%) and workforce contexts (5 studies, 7.7%).

B. What is the Primary Purpose of the GBA Research? (RQ2)

In this RQ, we wanted to know what was the main purpose of
each GBA in each study. We coded the papers’ main purpose
into six different categories: GBA evaluation, study of
in-game behaviors, assessment, interventions,
framework proposal, and game design proposal.
Next, we describe in detail each one of these categories.

1) GBA evaluation: In these studies, authors evaluate
the game by checking if it achieves its initial objectives
using some measure to prove that the game or tool is suit-
able for an educational environment. Hummel et al. [42]
authors showed how they applied the methodology for
an assessment game for ICT managers in secondary
vocational education, checking if this assessment was
content-valid compared to a face-to-face assessment.
Moreover, Marengo and Pagano [43] aimed to investi-
gate whether it is possible to perform an in-Basket test
(which is widely used by companies and organizations

in order to map employees’ soft skills) online with the
same effect as that of the onsite one.

2) In-game behaviors: In these studies, authors
investigate in-game players’ behaviors (e.g., persis-
tence, engagement). By identifying these behaviors, we
can group players according to different behaviors or
simply check if a student shows a specific one. For
example, Dicerbo [11] used evidence extracted from
log files to create a measure of persistence. Similarly,
Ventura and Shute [44] also created a measure of persis-
tence, validating it against another existing measure and
concluding that the GBA predicted students’ learning.

3) Assessment: In these studies, games are used to
report measures that aim to evaluate students. This
allows for improvements in the learning process using
this evaluation measure instead of classic evaluation
methods or providing personalized feedback. In their
work, Weiner and Sanchez [45] created an alternative
measure using a virtual reality game that calculated
scores to indicate specific cognitive abilities.

4) Interventions: Games can also be used to investi-
gate the effect of some interventions while playing. For
example, we can use feedback messages to notify the
learner with positive (or negative) feedback to observe
how this intervention influences its performance and
behavior. Another typical example is switching the
order of in-game elements or testing different game fea-
tures. Cutumisu et al. [46] used a psychophysiological
methodology to investigate attention allocation to dif-
ferent feedback valences (i.e., positive and negative
feedback). With that purpose in mind, they used an eye
tracker to collect accurate information about individu-
als’ locus of attention when they process feedback.

5) Framework proposal: In these papers, the authors
propose the design of a new framework to be used
within the context of GBA. We can see an example
in [47], where the authors examined the process of cre-
ating a Bayesian network framework through different
techniques (e.g., using correlation matrixes, IRT) to cre-
ate scoring models for assessing students.

6) Game design proposal: The authors provide a
game design that can be used for assessment purposes.
For example, Rivera and Suescun [48] show the design
of an online GBA to help students improve their learn-
ing outcomes and promote the development of general
and transferable skills, such as the ability to solve prob-
lems in complex situations, and working under pressure.

Some studies focused on more than one of the categories
described above. For example, Weiner and Sanchez [45] used
a virtual reality game to calculate a score measure for each
student (assessment) and they proved that these calculated
scores are the best used by comparing them to classic meas-
ures (GBA evaluation).

We can see the number of papers fitting each category in
Fig. 6. GBA evaluation is the most common category (38
studies, 58.5%), followed by assessment (34 studies,
52.3%) and framework proposal (12 studies, 18.5%).
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Fig. 6. Number of studies and rate in the collection per purpose of the
research. More than one purpose is possible for a given paper.

The less common category is game design proposal,
with only three papers fitting (4.6%). We can conclude that
most papers focused on using games to assess learning, but
they also tried to prove that this assessment was a valid mea-
sure to be used in real educational contexts.

C. What is the Domain of the GBA? (RQ3)

From reviewing the selected papers, we identify four major
domain categories: STEM, humanities and social
sciences, cognitive and soft skills, and physi-
ological capacities. As some of the categories have
more than one related area, we also consider some subcatego-
ries fitting into them. We describe each domain category as
follows in detail.

1) STEM: In this category, we include papers that are

related to science, technology, engineering,
and mathematics. For example, Chiu and Hsieh [49]
showed the different teaching methods of second-grade
elementary students in fraction concepts (mathemat -
ics), while Kim et al. [26] aimed to assess the under-
standing of Newton’s three laws of physics using a two-
dimensional physics game.

2) Humanities and social sciences: Papers
related to humanities and social science areas (e.g., art,
music, language) fit in this category. As this is a wide
area, we have also defined some subcategories to better
categorize the papers. These subcategories are lan-
guage, art, and history. Studies that do not fit
into one of those three categories are categorized as
other. As an example of the art category, we high-
light the work in [50], where the authors used a game in
which players collect data about the musical interests of
an in-game character and use these data to make deci-
sions about which artists to sign and what songs to
record. We can see another example (related to lan-
guage) in [51], where the researchers described the
design of an argumentative reasoning task within a sce-
nario-based assessment enhanced with game elements.

3) Cognitive and soft skills: Cognitive skills are
the core skills your brain uses to think, read, learn,
remember, reason, and pay attention [52]. Cognitive
skills help to process new information by taking that
information and distributing it into the appropriate areas
in the brain. Developing cognitive skills helps to com-
plete this process more quickly and efficiently, helping
people to understand and effectively process new infor-
mation [53]. Moreover, soft skills are described as a
combination of interpersonal and social skills, including
the ability to communicate, coordinate, work under
pressure, and solve problems [54]. In this category, we
consider attention, memory, logic and rea-
soning, visual processing and speed, and
soft skills. We find papers that have measured
interesting skills, such as [55], which included a series
of reasoning activities to measure argumentation skills
(which is related to logic and reasoning),
or [56], [57], which used GBAs to assess candidates’
soft skills.

4) Physiological capacities: Physiological func-
tional capacity is the ability to perform the physical
tasks of daily life and the ease with which these tasks
can be performed. We could assess daily physical tasks,
such as Rodriguez de Pablo et al. [58], who used a set
of games to provide a fast, quantitative, and automatic
evaluation of the arm movement function. Furthermore,
other works focused on assessing mental abilities, such
as motivating children with autism, to make more eye
contact [59].

There are also papers fitting more than one category at once.
For example, in [60] and [61], researchers used a GBA for
measuring argumentation and pragmatic skills. This research
measured language competencies (which is part of humani-
ties and social sciences) but it also measured cog-
nitive and soft skills. We can see the full tree
showing the distribution of studies into categories and subca-
tegories in Fig. 7.

The three predominant categories are cognitive and
soft skills (28 studies, 43.1%), STEM (19 studies,
29.2%), and humanities and social sciences (17
studies, 26.2%). Taking a look at each subcategory, we note
that the main area in STEM is science (10 studies, 15.4%).
The main field in cognitive and soft skills is
logic and reasoning, with 17 papers (26.2%), while in
humanities and social sciences, the predominant
subcategory is language, with nine papers (13.8%).

D. Is the Game/Tool Used Available to the Public? (RQ4)

A critical aspect of research is the availability of the results
obtained to be used by the general public. It is essential to
make tools accessible so that researchers can replicate experi-
ments and practitioners can use them as part of their teaching.
From our analysis, we find three primary categories: Cur-
rently available, Not available (NA), and Not
specified.
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Fig. 7. Category tree for RQ3.

1) Currently available: The game/tool used in the
corresponding research is currently available (using the
web portal specified by the authors) for public use (e.g.,

[62], [63]).

2) Not available: The game/tool used in the research
was presented as initially available in the paper, but cur-
rently, it is no longer accessible based on our attempt to
access the site (e.g., [64], [65], [66]).

3) Not specified: Researchers did not specify the tool’s
availability; it is more than likely that it is not accessible
(e.g., [67], [68], [69]).

Fig. 8 shows that most papers (51 studies, 78.5%) did not
specify if the tool is accessible or not. Another minority of
papers (9 studies, 13.8%) offered their tool publicly. The rest of
the studies (five papers, 7.7%) initially offered their games but
they are currently unavailable. In addition, we did not find any
open-source game across the studies included in the review.

E. What is the Size of the Data Sample Used
in the Study? (RQS5)

In this RQ, we classify the different data collections used in
the studies based on their data sample size. Investigating the
sample size is relevant since the use of larger data samples
will allow better generalization of the research results, as well
as the possibility of applying more complex algorithms (e.g.,
neural networks), which often require large amounts of data to
outperform other models [17]. Although the sample size can
be relevant for some aspects, such as preventing overfitting in
some methods, it is not related to the study’s rigor (i.e., using
a larger sample does not make a study more rigorous). From
the coding process, we present four categories.

1) Fewer than 50 participants: These papers
involved fewer than 50 participants in their empirical
studies. We find studies with small data samples, such
as [70], using data from 30 postgraduate students, or [71],
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Fig. 8. Number of studies and rate in the collection per research availability.

which used a sample of 20 healthy controls patients and
18 patients with Alzheimer’s disease to evaluate the
usability of a tool created to assess cognitive functions.

2) Between 50 and 250 participants: These
papers involved between 50 and 250 participants in their
studies. For example, Leonardou et al. [72] used data
from 77 primary school pupils for assessing and improv-
ing multiplication skills. We see another example
in [73], which used data from 95 children from the final
year in preschool to measure psychoacoustic thresholds.

3) Between 250 and 500 participants: These
papers involved between 250 and 500 participants in
their studies. For example, Gjicali et al. [74] used data
from 433 students who played a game simulating an
artificial culture with norms embodying two cultural
concepts: hierarchy and collectivism.

4) More than 500 participants: These papers used
data from more than 500 participants in their research.
Hautala et al. [75] used data from 723 students to investi-
gate reading difficulties, concluding that the GBA could
be successfully used to identify students with reading
difficulties with acceptable reliability (Cronbach’s alpha
0.93 and 0.87). Some other studies used a huge sample,
such as [12], which used data from 5545 students to mea-
sure engagement and cluster students to finally report
four different engagement profiles.

Other papers (e.g., [76], [77]) did not specify the data sam-
ple size of the study and we categorize them as NA. Fig. 9
summarizes the results of the data sizes across papers. We can
see that only 16 papers (24.6%) used more than 250 partici-
pants in their students, and only 9 papers (13.8%) used data
from more than 500 students, meanwhile most of the papers
(58.5%) used data from fewer than 250 participants. We also
see that a significant amount of papers (11 studies, 16.9%) did
not specify the data sample size in their studies.

F. What Computational Methods and Algorithms
Have Been Applied in the Research? (RQ6)

After exploring the data samples that were retrieved across
papers, our goal was to examine the methods that were applied
for its analysis. We believe that the methods being applied are
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crucial since they are the link between the evidence generated
by learners and the assessment. Accordingly, we identified five
different groups of methods for analyzing the data: Descrip-
tive statistics, Machine learning, Knowledge
inference, Deep learning, and Sequence mining.
Following is the description of each group in detail.

1) Descriptive statistics: These encompass
further mathematical analyses covering various meth-
ods, tests, and visualizations. We identified several
papers that applied summary statistics (e.g.,
mean, variances) [78], correlations [79], and
visualizations [80].

2) Machine learning: It is a part of Al and covers a

set of methods that allow systems to learn and improve
from historical data automatically. We noted that the
authors used two significant families of machine learn-
ing methods: supervised learning and unsu-
pervised learning. Supervised learning
includes techniques such as regression [81] while
unsupervised learning uses other methods,
such as clustering techniques like k-means [12] or
dimensionality reduction techniques such as principal
component analysis [82].
For example, Arce-Lopera and Perea [83] developed a
game for evaluating the logic abilities of first-year uni-
versity students. They tried to compare the measures
obtained by paper-based tests with those obtained using
the game by conducting a linear regression (which is a
supervised method). The authors concluded that the
measures obtained from both methods were not signifi-
cantly different.

3) Knowledge inference: It refers to the acquisition
of new knowledge from existing facts based on certain
rules and constraints. One way of representing these
rules and constraints is through the use of logic rules,
formally known as knowledge representation [84].
Common knowledge inference methods that several
studies have used are Bayesian networks [85] and
fuzzy cognitive maps [67].

In [86], the researchers proposed a dynamic Bayesian
network modeling approach for measuring student perfor-
mance from an educational video game. The results sup-
ported the usefulness of Bayesian networks to characterize

20 (30.8%) 8 (12.3%)

Supervised leaming
Dimensionality reduction|

5 (7.6%)

24 (36.9%)

inference] (Descriptive statistics)

54 (83.1%)

37 (56.9%)

(Bayesian inference]  (Summary statistics)

5 (7.7%) 38 (58.5%)

Fig. 10. Paper distribution based on the methods used.

and accumulate evidence regarding students in games and
related assessment environments.

4) Deep learning: An artificial intelligence function
that imitates the workings of the human brain in proc-
essing data and creating patterns for decision-mak-
ing [87]. An example is the work of Chen et al. [88],
who used long short-term memory (LSTM), an artificial
recurrent neural network architecture.

5) Sequence mining: The objective of sequence min-
ing is to unlock useful knowledge hidden in sequence
data [89]. Specifically, Gomez et al. [90] used sequence
mining to identify sequences and errors by transforming
raw data into meaningful sequences that are interpret-
able and actionable for teachers.

In Fig. 10, we can see the different families of techniques
and the number of papers that used them in their research. We
can see that most papers (83.1%) used descriptive sta-
tistics, and almost none of them used deep learning
(only one paper, 1.5%). We also noted that 83.3% of the
papers that used machine learning techniques used
supervised learning too, specifically, most of them
used different types of regressions.

G. What Stakeholder is the Intended Recipient
of the Research Results? (RQ7)

A stakeholder is defined as a person with an interest or con-
cern in something, especially a business [91]. In our study, we
consider the paper’s stakeholder as the person to whom the
results are directed, even though the paper’s contribution
might have other secondary stakeholders. Specifically, we
have two main groups of stakeholders: researchers and
the final user.

1) Researchers: If the paper’s contribution is method-

ological, we expect that the paper’s main stakeholders
will be researchers. For example, Lonergan et al. [92]
created a paper-based assessment and a GBA in order
to measure students’ performance, cognitive states, and
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satisfaction related to both assessment methods. The
authors concluded that smaller versatile GBAs may
have a greater impact on the student’s cognitive capa-
bilities and could enhance student performances during,
for example, a final exam or short formative assess-
ments. Moreover, Tsai et al. [93] proposed an online
learning system using different gaming modes of classic
tic-tac-toe games to explore how different gaming
modes and feedback types in this game-based formative
assessment affect knowledge acquisition effectiveness
and perceptions of participation.

2) Final user: If the paper’s results are to be used by
final users or are validating the GBA, we consider that
the main stakeholder will be the final user in that con-
text (e.g., teachers and students). In their work, Ciman
et al. [94] designed a game to support children with
cerebral visual impairment, developing a mobile ver-
sion of the game to be used by children easily at home
on any platform. Delcker and Ifenthaler [95] also devel-
oped a mobile app that makes an automated analysis of
the data and provides information about children’s lan-
guage skills. Other papers focused on teachers, such
as [96], where the authors used a GBA to develop a set
of visualizations to support teachers in classrooms.

Fig. 11 shows the number of studies that focused their work
on each of the stakeholders. We see that 34 studies (52.3%)
were directed to final users, mainly students. Moreover,
29 studies (44.6%) focused on researchers as the main
result recipients. Two further studies (e.g., [97]) did not pro-
vide results and we categorized them as NA. Focusing on stud-
ies directed to the final user, we see that the majority of papers
are directed to learners (35.4%) and teachers (13.8%).

H. What Limitations and Challenges Do the Authors
Address? (RQS)

Limitations show potential weak points of the study that
researchers usually highlight regarding their work such as

constraints in research design or methodology. We can group
the limitations that the authors faced in the six following cate-
gories: game design, data sample, methodologi-
cal, technical, integration,and validation.

1) Game design: An appropriate design of a game is
crucial for learners’ assessment since the GBA design
must be adapted based on the constructs that will be
evaluated. It requires a great effort to design a good
GBA, aligning the evidence collected with the final pur-
pose of the assessment. Designers might have different
goals when developing a GBA [14]: “for game design,
engagement; for instructional design, developing key
concepts and capabilities in the target domain; for
assessment design, evoking evidence of those capabili-
ties for the intended use case(s).” Moreover, many
game design decisions play a role in what kind of game
performance is achieved and its meaning [98]. Future
designers should consider these concerns to achieve bet-
ter designs, thus creating more engagement and facili-
tating the development of the key concepts and
capabilities intended for learning.

2) Data sample: Data were crucial for our review
because GBA is based on the evidence, stored as data,
generated by the students’ interaction with the games.
We examined each paper and found several limitations
related to data. Jackson et al. [99] reported that they had
a small sample size and that larger sample sizes would
be necessary to detect smaller effects. We see a similar
example in [100], where the authors had a sample col-
lection of 67 students but only four of those 67 student
samples were used in their empirical study. The work
in [101] described the difficulty of designing a good
data model as there are usually conflicts between pro-
grammers and assessment designers, usually compli-
cated by constraints related to budgets and schedules.

3) Methodological: This category includes challenges
and limitations related to the methods, algorithms, or
techniques used. For example, Yu et al. [102] wanted to
collect additional data to explore learners’ behavioral
patterns during gameplay. We see another example
in [103] since the authors reported that the assessment
developed in this study only includes a part of number
sense (this term refers to a group of key math abilities),
and, in order to complete the number-sense battery, the
assessment tools for the other components of number
sense are needed to be developed.

4) Technical: Itis defined as a challenge involving how
a machine or system works. This could include storage
limitations, computing power, or even limitations
related to sensors used in the study. Ibryamova and Ste-
fanov [104] pointed out the necessity of a database (to
store information about students’ achievements) since
they could not store that information as well as the
necessity of an administrator module to facilitate devel-
oping and modifying game elements.

5) Integration: Incorporating game activities as part
of the curriculum in schools remains limited due to
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certain factors such as the schools’ budget or the rigid-
ity of subjects’ classic curriculum. Halverson and
Owen [64] claimed that if GBAs can show that games
can serve as assessments that generate reliable evi-
dence, we could then legitimize the potential of games
and then break the social conventions that limit the
potential of learning and assessment technologies in
schools.

6) Validation: One of the most significant parts of the
research is the validation of the results. Validation is
intended to ensure that the proposed methods and the
accomplished results proved satisfactory by conducting
empirical experiments. Sanchez and Langer [105] sug-
gested that the games used in their study were entertain-
ment games, and further research could be oriented to
validate their results with games designed for assess-
ment purposes.

Some other studies did not report any challenges or limita-
tions (e.g., [106]). Fig. 12 shows that methodological
challenges are the most common ones (34 studies, 52.3%), fol-
lowed by data sample limitations (30 studies, 46.2%). On
the other hand, the least frequent limitations are related to
integration (6 studies, 9.2%) and technical chal-
lenges (9 studies, 13.8%).

IV. DiscussioN

In this section, we first present a summary and discussion of
our main findings. We can also see a summary of these main
findings in Table I. Next, we present a discussion of past and
future challenges regarding games for assessment. Finally, we
address existing limitations in this study and the implications
of our research.

A. Current Trends

First of all, we analyzed the contexts where the studies were
applied (RQ1), finding that most of them took place in K-16
education, especially in high school and middle
school. This is an exciting finding because young kids and
teenagers represent the major force whose 21st-century com-
petencies development will be heavily impacted by technol-
ogy [16], [107]. Moreover, children and adolescents are an
ideal target since the familiarity of these users with gaming
environments and game mechanics facilitates their interac-
tions with games [17].

TABLEI
SUMMARY OF THE MAIN FINDINGS
Research question | Categories Count | %
Context (RQ1) Formal education 41 63.1%
Medical 8 12.3%
Workplace 5 7.7%
Not Available 11 16.9%
Main Purpose GBA evaluation 38 58.5%
(RQ2) In-game behaviors 8 12.3%
Assessment 34 52.3%
Interventions 7 10.8%
Framework proposal 12 18.5%
Game design proposal 3 4.6%
Domain (RQ3) STEM 19 29.2%
Cognitive and soft skills 28 43.1%
Humanities and social sciences 17 26.2%
Physiological capacities 8 12.3%
Not Available 2 3.1%
Availability (RQ4) | Not specified 51 78.5%
Currently available 9 13.8%
Not available 5 7.7%
Sample Size (RQ5) | Fewer than 50 participants 19 29.2%
Between 50 and 250 participants | 19 29.2%
Between 250 and 500 participants | 7 10.8%
More than 500 participants 9 13.8%
Not available 11 16.9%
Algorithms/ Descriptive statistics 54 83.1%
techniques (RQ6) Machine learning 24 36.9%
Deep learning 1 1.5%
Sequence mining 1 1.5%
Knowledge inference 7 10.8%
Not available 8 12.3%
Stakeholder (RQ7) | Researchers 29 44.6%
Final user 34 52.3%
Not available 2 3.1%
Limitations (RQ8) | Technical 9 13.8%
Game design 20 30.8%
Data sample 30 46.2%
Methodological 34 52.3%
Integration 6 9.2%
Validation 24 36.9%
Not available 5 7.1%

Regarding RQ2, we found that the majority of GBA studies
focused on students’ assessment and the validation of
the game or the tool used. This suggests that having established
that games are helpful for other purposes beyond entertain-
ment, there is an increasing interest in using games as a natural
alternative to classic evaluation methods, validating and com-
paring them against those traditional alternatives. Moreover,
the fact that researchers also focused on the validation of the
GBA used is a promising finding. Specifically, Gris and Bengt-
son [18] pointed out the lack of evidence about engagement
and usability needs, especially with well-assessed reliability
and validity. We also noticed that few studies had the main pur-
pose of proposing or validating a game design for assess-
ment. Although many studies proved that GBA could improve
students’ learning outcomes, we should not forget game design.
The literature reveals that game design is essential, and several
distinctive design elements, such as narrative context, rules,
goals, rewards, multisensory cues, and interactivity, seem nec-
essary to stimulate the desired outcomes [108], [109].

We also extracted four predominant domains (RQ3) across
studies. A large proportion of the analyzed studies aimed at prac-
ticing and assessing content related to STEM as well as human-
ities and social sciences. This is not surprising since
many of the studies took place in schools and high schools, and
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the use of games in these contexts is an ideal opportunity to teach
content related to the main subjects at those ages. Another large
number of papers also focused on developing and measuring
cognitive and soft skills. Using game design as a con-
text to teach higher order thinking skills has drawn attention from
researchers since schools usually place heavy emphasis on cov-
ering and delivering content knowledge [110]. Moreover, this
could be useful not only in educational contexts, as we have seen
some studies that measure cognitive skills for medical pur-
poses (e.g., rehabilitation) [68], [71]. However, the researchers
in [111] pointed out the lack of research on 21st-century skills
such as creativity and critical thinking.

We discovered that many of the studies had small data sam-
ples (RQ5). Furthermore, a significant part of the studies did not
specify the data sample size used in the experiment. This is also
noticed by the researchers themselves, as nearly half of the stud-
ies reported data sample limitations. Moreover, apart from col-
lecting the sample size, we also tried to collect information about
the type of data collected. However, almost no study included
information related to the type or format of the data used.

Across papers, researchers used many different algorithms
and techniques (RQ6) to analyze the data. We classified them
into five categories and found that the most common ones are
descriptive statistics and machine learning.
With that said, we note that the majority of papers used statisti-
cal analyses or basic machine learning algorithms, and few
studies used more complex or advanced methods, which might
be more adequate to model students’ knowledge properly.
However, those techniques that are easier to implement are
also the ones chosen more frequently by researchers. Therefore,
more work is needed to develop specialized GBA methods that
are also affordable to implement. This could perhaps be done
through open-source libraries and more reproducible research.
Moreover, we consider that making results interpretable is an
essential part of the assessment, and one way to reach this
interpretability is by using visualizations. Visualiza-
tions are essential components of research presentation and
communication because of their ability to represent large
amounts of data [112] and because it is easier for the brain to
comprehend an image as opposed to words or numbers [113].
We think this is a promising way to integrate games in schools,
and we realized that studies now tend to use visualizations to
communicate their results (e.g., [62], [80]).

Finally, we wish to report the scarce information regarding
games and tools availability (RQ4). The majority of studies did
not provide any information on how to access or use their tools.
In addition, some studies made tools public but expired, being
inaccessible at present. This underscores the low transference
of this research to practice, and thus, we encourage authors to
make their products and results publicly accessible since we
consider that this is an essential part of this type of research.

B. Open Challenges

From our results and previous related reviews, we find some
open challenges in the area that authors usually report. A
description of each of these challenges is found as follows.

Chin, Dukes, and Gamson [114] address the challenge of
how to make appropriate assessments. They noted that pretest
and post-test measures are a good manner to make an assess-
ment, and they also recommended unobtrusive ways to collect
data, such as another person taking notes during game-play. In
our review, we noted that, at present, most studies found an
appropriate method to make good assessments using evi-
dence-centered design (ECD) and stealth assessment. ECD
framework views assessment as an evidentiary argument, that
is, an argument from which we observe what students say, do,
or make in a few particular circumstances [115]. Moreover,
stealth assessment represents a unobtrusive, yet powerful pro-
cess by which learner performance data are continuously gath-
ered during playing and learning, and inferences are made
about the level of relevant competencies, maintaining the
learners’ flow and engagement [116]. Since ECD and stealth
assessment are two common practices in current research, we
could claim that the objective of making appropriate assess-
ments using unobtrusive methods has been accomplished.

What data are going to be collected is as important as how to
collect these data, and another present challenge is the design of
games for specific assessment purposes. Akcaoglu and Koeh-
ler [110] indicated that games that present a hidden question-
naire format do not engage learners, while well-designed games
can engage learners in reflective thinking [117]. Although we
identified a few papers with the main objective of providing a
good game design, many of them have developed an excellent
game for other purposes. Some examples are given in [12],
[71], and [73]. Future research should focus on complex game
designs rather than the typical simple quiz design, employing
multiple game-design elements such as collaboration, role-
playing, narrative, exploration, and complexity [16].

An important open challenge at present is replication and
transferring the research to practice. In addition to the findings
in our literature review about the game or tool being unavail-
able in most cases, All et al. [118] mentioned replication issues
with certain studies due to missing information in multiple
areas of the study. It is crucial to provide a detailed description
of the procedure followed to conduct the study. While the com-
munity is currently demanding more standardized open science
practices, this problem is still present currently. Besides,
Alonso-Fernandez et al. [17] noted that most papers did not
describe the format in which they collected the data, so we can-
not know if they used a standard or relied on their data formats,
which represent even more replication and reusability issues.
In addition, having open-source games or tools would be espe-
cially helpful for researchers. Unfortunately, we did not find
any available open-source games across the studies. This prob-
lem of missing information is a familiar issue in multiple
research fields (nearly every field is affected), and it leads to
other problems such as low reproducibility. In fact, the terms
“reproducibility crisis” and “replication crisis” have gained
significant popularity over the last decade [119]. To fix this
issue, the community is demanding more preregistered studies,
open data, open analyses, and open access publications [120],
and this can be systematized by the guidelines of the publishers,
governments, and research communities [121].
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Regarding the methods and techniques, we identify the
challenge of implementing learner modeling algorithms. As
we mentioned above, researchers usually use simple techni-
ques to conduct their studies. In addition to Alonso-Fernandez
et al. [17] noting that limitation, we confirmed it in our results.
In our review, 52.3% of the papers reported methodological
challenges to be addressed in future research, most of them
related to the use of more complex metrics and techniques to
infer new information. It is important to benefit from more
advanced techniques (e.g., knowledge inference techniques,
deep learning techniques) that can allow us to infer more com-
plex and valuable information from the data collected. How-
ever, an important limitation of many of those advanced
techniques is their low interpretability. Even if visualizations
are a promising way to improve the presentation of results and
communication, they cannot improve the model’s interpret-
ability themselves. According to the researchers in [122], with
machine learning models being increasingly used, there has
been an interest in developing interpretable models. However,
there have been relatively few experimental studies investigat-
ing whether these models achieve their intended effects. Thus,
the development of new models to provide better interpretabil-
ity in GBA environments and their validation is still an open
challenge.

We found several studies that described data sample and
validation challenges. Since most evaluations are conducted
with small samples, typically corresponding to one class-
room’s size, these studies present low statistical power, having
a reduced chance of detecting actual effects [123]. Thus, stud-
ies must use larger data samples to improve the results’ gener-
alization and validity. However, collecting large samples of
in-context data is also a cumbersome task. Finally, a few
empirical studies discussed the challenge of implementing
GBA in the classroom, but this is a significant problem. Many
teachers are still unsure about how to integrate game activities
with the regular curriculum, and it is crucial to provide guide-
lines that can facilitate teachers to deploy games in the class-
room more easily and flexibly [124].

C. Limitations and Implications

This review is mainly limited by the paper selection. First of
all, we have only used the key term “game-based assessment”
to perform our document search, based on the papers’ key-
words and titles. However, other communities could also be
working on games for assessment purposes, but they might be
using slightly different terms to describe their work. Therefore,
those studies might not be included in our review. Neverthe-
less, we purposely opted for this term to analyze the core of
GBA while also having a manageable selection of papers for
this study. Furthermore, we focused our attention on Scopus
and the Web of Science, the two primary academic databases.
However, there could be other peer-reviewed academic papers
indexed in different databases, as well as non-peer-reviewed
publications including preprints, technical or white reports that
could be missing in our review, and also nonacademic work
being conducted in industrial companies and by practitioners.

Regarding the computational methods and algorithms used, we
have identified a set of categories based on the qualitative
review of each selected paper. However, there might be studies
using less quantitative approaches that might be missing in this
review due to the review methodology itself. Finally, we have
based our RQ generation on a simplified process that involves
the general steps required in GBA projects, but there might be
other potential and valuable RQs about the GBA field missing
in this review.

We found that most studies emphasized GBA implementa-
tion and comparisons between games and classic assessment
methods. More studies are needed to systematically develop
and improve game design, adopting design-based research
methods, as mentioned in [125]. The potential of GBA is now
emerging, coinciding with the rise of Big Data. Data mining
and visualization techniques on player interaction logs can
provide different stakeholders with valuable insights into how
players interact with the game [126]. The increasing interest
in games as a learning tool also indicates their potential as
actual assessment tools. In our review, we found that GBAs
are not only being used in K-16 education but also in medical
and professional areas, among others. As expected, the most
frequent area where GBAs are being applied is K-16 edu-
cation since children and adolescents are the leading groups
whose development will be affected by technology.

Despite this dominating use in education, we can see the
great potential that GBAs have in many other contexts. Con-
cerning the professional environment, companies have begun
to include assessment games for the recruitment of staff and
the selection process. This is a relatively new trend due to cer-
tain limitations, such as the cross-domain generalizability of
behaviors between game and workforce contexts, which needs
further research [40]. In medical environments, the use of
GBAs can also be helpful for multiple purposes. Some exam-
ples are the possibility of recreating a virtual environment
with daily life activities, allowing a precise and complete cog-
nitive evaluation, which can be useful to treat certain diseases
such as Alzheimer’s [71] or using games to rehabilitate chil-
dren with cerebral visual impairment using an eye-tracker [94].
Due to the above, we firmly believe that the future of games
for assessment is promising; however, further research is
needed to overcome the existing problems, and increase the
still limited application of games in real-life environments, in
order to start building the classrooms of the future.

V. CONCLUSION

Technology is changing and improving every day, and this is
also making a significant impact on educational areas. More-
over, playing games is one of the most popular activities in the
world, and the technological revolution that we are experienc-
ing allows the implementation of games as alternative assess-
ment tools in educational environments. However, previous
studies suggest that the use of games also presents some chal-
lenges, such as finding the time for both the presenter/instructor
and student to learn the systems employed, the financial impact
on both parties, and technical limitations [1], [6]. We can tackle
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all these challenges by facing current limitations and revealing
the great potential games have for assessment. In this article,
we represent a novel analysis and the first literature review of
the emerging research field of GBA. Its main purpose was to
review empirical studies of digital GBAs published until 2020.
Based on a detailed systematic review of the 65 selected papers,
we concluded that games are mainly used in K-16 education for
assessment and validation purposes. The domain of the games
used is usually related to STEM and cognitive skills but other
domains emerged from our analysis, such as social sciences
and physiological capacities. Moreover, we note that, although
few GBA studies had the purpose of proposing an adequate
game design for assessment, most studies used games designed
specifically for assessment purposes, employing complex
game-design elements such as collaboration, narrative, or role-
playing. In addition, we found that most of the studies used
small data samples and simple techniques to process these data
and assess students. Finally, we found that most of the studies
do not provide public access to their tools, or they overlook
links and let them expire over time, which makes it impossible
to reproduce the results or even try their game.

Future work should address the current challenges emerging
from our review, as those are the main barriers to actual sys-
tematic adoption of games for assessment. For example, the
next generation of GBA studies should ensure that enough
data are collected to have meaningful and reliable results since
one of the main limitations of the current research was the size
of the data sample collected. Moreover, they should also
address the game design that will be used for assessment, as
many studies use games designed for other purposes (e.g.,
entertainment) and overlook the vital link between the design
of a game and collecting the necessary evidence for the assess-
ment. In that sense, it would be good to work on conceptual
GBA pieces or frameworks that can provide a set of guidelines
for the design. Moreover, classic performance indicators such
as completion times or scores could still be included in future
studies, but GBA also needs to apply more specific and com-
plex algorithms (e.g., knowledge inference or deep learning
techniques) specifically designed for learner modeling and
assessment purposes. The use of more complex techniques,
along with larger data samples, could substantially improve
the reliability and generalization of the results. We also
believe that future studies should continue exploring the use
of visualizations and dashboards to integrate games in schools,
adopting a more intuitive approach rather than providing
teachers with raw numerical outputs or metrics, which are usu-
ally harder to understand. Teachers should also have a more
important role in future work to address digital and assessment
literacy issues, as well as the potential interpretability and
actionability of GBAs. Finally, there are no theoretical frame-
works within the GBA area (a related one regarding serious
games could be [127]). Considering this lack of theoretical
papers focused on describing GBA foundations, we believe
that future work should address publications with additional
content on the theoretical side.

Therefore, further research is needed to overcome current
limitations and to continue exploring the possibilities of games

as assessment tools in other contexts and environments.
Finally, we encourage authors to document their research in a
reproducible and verifiable way, using beneficial open science
practices by preregistering their study, sharing data and code
for replication purposes, and if possible open sourcing the
GBA tools with clear descriptions so that they can be used by
interested stakeholders and researchers.
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Video games have assumed an important place in our daily lives. This has led to an increasing interest on the
use of games for non-entertainment purposes, introducing the concept of Serious Games (SGs). In particular,
SGs are being explored because of their potential to provide reliable assessments, but also because they can
measure competences that would be difficult to measure using traditional forms of assessment. However, one of
the key issues is that assessment machinery has to be designed specifically for each game, increasing the time
and effort when designing and implementing Game-Based Assessments (GBAs). In this research, we introduce a
novel approach to develop interoperable GBAs by: (1) designing and creating an ontology that can standardize
the GBA area; (2) conducting a validation study on literature metrics to replicate them and designing novel
metrics using data from different SGs; (3) conducting a case study that illustrates how our approach can be
used in a real life scenario with real data. Our results confirm that the designed ontology can be used to
effectively perform GBAs, along with the metrics replicated and designed in the system. We expect our work
to solve the current limitations regarding GBA interoperability, thus allowing the deployment of Game-Based

Assessments as a Service (GBAaaS).

1. Introduction

Nowadays, technology plays a very important role in our life,
making our work much easier and less time consuming. One of the
most prominent examples of technology is the use of digital games
for learning (De Freitas, 2006). In recent years, video games have
assumed an important place in the lives of children and adolescents,
impacting on various aspects of everyday life such as our consumption,
communities, and identity formation (Daniel & Garry, 2018; Gros,
2007). In fact, two thirds of adults and three quarters of kids under
18 play video games weekly, and during the pandemic, 71% of parents
saw video games as a much-needed break for their children (ESA,
2021). While video games are usually associated with entertainment
and leisure, they have recently emerged as powerful tools for learn-
ing and skills development. This has generated an increasing interest
on the use of games in non-entertainment contexts during the last
decade (Susi, Johannesson, & Backlund, 2007). Specifically, the concept
of Serious Games (SGs) was first coined by Abt (1987), and probably
the most common definition is: “games that do not have entertainment,
enjoyment, or fun as their primary purpose” (Laamarti, Eid, & El
Saddik, 2014). SGs are mainly used in education; however, they are
also used in many other domains (Laamarti et al., 2014), including

* Corresponding author.

training, well-being, advertisement, interpersonal communication, or
assessment, among others.

SGs are increasingly being explored for use as assessment tools
in broad domains, in particular for their potential to provide more
valid assessments compared to traditional assessment approaches, also
providing more meaningful and authentic contexts for assessments
through interactive immersive environments (Kato & de Klerk, 2017).
Specifically, Game-Based Assessment (GBA) is a specific application of
SGs, referring to a type of assessment that uses players’ interactions
with the game as a source of evidence to make meaningful inferences
to reveal knowledge, skills, and attributes of users and students that
are “invisible” or hard to detect when assessed with more traditional
assessment methods (de Klerk & Kato, 2017; Gomez, Ruipérez-Valiente,
& Clemente, 2022). However, some limitations are still present, hinder-
ing the use of GBAs in real world environments. For example, little is
known as to what degree of design complexity is required for meaning-
ful learning to occur, and many games are simple designs targeting low
level literacy and providing drill and practice methods (Qian & Clark,
2016). Moreover, there is a lack of sound empirical evidence on the
effectiveness of GBAs due to different outcome measures for assessing
effectiveness, varying methods of data collection and inconclusive or
difficult to interpret results (All, Castellar, & Van Looy, 2014). Usually,
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data collected from SGs are totally different between them, and there is
no interoperability between different data sets (Serrano-Laguna et al.,
2017). Thus, GBA machinery (including metrics, dashboards, and other
type of analytics) are usually designed for each game separately, which
increases the time and effort needed building each model from scratch.
Since this is one of the key issues open in the area, there is an urgent
need to work on data interoperability in order to re-use assessment
models and machinery from one game to another.

Previous literature has proposed standard data formats, trying to
address these data heterogeneity issues. One example is the work
in Serrano-Laguna et al. (2017), which proposed Experience API (xAPI),
an interaction model to track user activities within learning environ-
ments. However, this and other similar approaches are not supported
by most SGs. Other technologies that can help us to address data
interoperability are Semantic Web technologies. In particular, ontolo-
gies capture knowledge about a certain domain and offer an explicit
common conceptualization on it (Fathy, Gad, & Badr, 2019). Ontologies
are content theories about the classes of individuals, properties of
individuals, and relations between individuals that are possible in a
specified domain of knowledge (Panov, DZeroski, & Soldatova, 2008).
Although the use of games for assessment has enjoyed great popularity
and success in recent years, there is a distinct lack of a generally
accepted framework that would describe and unify the area of GBAs.

In this research, we introduce a new approach that uses ontologies
in order to develop interoperable GBAs, using in-game metrics that
are automatically computed processing the provided data. With that
purpose in mind, we propose the design of a new GBA ontology, and
we validate it using previous GBA metrics present in literature, as well
as new metrics proposed to show the potential that this approach has
to perform interoperable GBAs effectively. To validate our ontology,
we use data from many different SGs, and we present a case study to
demonstrate how this approach could be used in real world situations
and environments. Specifically, we have the following objectives:

1. To develop an ontology that can standardize the GBA area,
creating a common knowledge model that can integrate the log
events from a wide variety of games into our ontology model.

2. To conduct a validation study on previous metrics in literature,
as well as the design and implementation of novel metrics using
data from different SGs, demonstrating and validating that our
approach can effectively perform interoperable GBAs.

3. To conduct a case study that illustrates how our ontology, along
with previous and newly developed metrics, can be used in a
real scenario.

The rest of the paper is structured as follows: Section 2 reviews
background literature on SGs and assessment, GBA metrics and models,
and ontologies. Section 3 describes the methodology followed to con-
duct the research, as well as the games and the data collection used.
Next, Section 4 present the results (including the ontology developed),
a set of interoperable in-game metrics, and finally the case study
conducted. Then, we finalize the paper with discussion in Section 5
and conclusions and future work in Section 6.

2. Related work

In this section we present a review of the literature in some areas
which are related to our work: in Section 2.1 we present literature
related to serious games and assessment; in Section 2.2 we review
some GBA and metrics background and previous studies; and finally
in Section 2.3 we review literature related to ontologies and their use
in interoperable environments.
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2.1. Serious games and GBA

In recent years, many new ways of teaching academic and profes-
sional skills to children and adults have been tested using multimedia
technologies in the form of software products, educational computer
games or video games (Girard, Ecalle, & Magnan, 2013). Reyes-Chua
and Lidawan (2019) reported a summary of benefits of using games
for learning, including increased learner motivation, reduced learn-
ing anxiety, or encouraged creativity and cooperation, among others.
In addition, games can promote user engagement through fantasy,
interactivity, and non-linear narratives in visual and multisensorial
environments that take advantage of advancing technologies (Kato &
de Klerk, 2017).

SGs are being used in many different contexts: in education, interest
in educational games is continuously growing, but their integration in
teaching is still somewhat unexplored area of study (Kangas, Kosk-
inen, & Krokfors, 2017): for instance, some studies have reported
difficulties when obtaining an optimal game design, since it is an
interdisciplinary task, requiring the contribution of experts from many
different areas such as graphic design, product design, programming, or
animation (Theodosiou & Karasavvidis, 2015). Moreover, the strict edu-
cational system and the fact that some teachers refuse the idea of using
“toys” in classroom also entails an added challenge when incorporating
games in the classroom (Lee, Luchini, Michael, Norris, & Soloway,
2004). Furthermore, SGs and GBAs have been promoted for use in em-
ployee selection as a potential method to improve the user experience,
and the use of games in the workplace is a growing phenomenon with
SGs being increasingly used as evaluative tools (al Qallawi & Raghavan,
2022). Regarding healthcare, SGs, particularly adventure and shooter
games, already play an important role in education, prevention and
rehabilitation (e.g. to enhance health-related physical activity, improve
sensory—motor coordination, prevent asthma, change nutrition behav-
ior and alleviate diabetes and prevent smoking or HIV) (Wiemeyer &
Kliem, 2012). Concerning employee training, SGs are being used by
corporations of all sizes (Larson, 2020) to train, for example, financial
indicators (Donovan & Lead, 2012) or call center assistants (Hinton,
2016; Mollick & Werbach, 2015).

Games are being explored in particular for their potential for as-
sessment, providing promising possibilities for more valid and reliable
measurement of users’ skills as compared to the traditional methods
of assessment like paper-and-pencil tests or performance-based assess-
ments (de Klerk & Kato, 2017). GBAs can provide more detailed and
reliable information, and the emerging interest in this field reflects the
need for alternative assessment tools to overcome limitations that are
present in classic methods (Bellotti, Kapralos, Lee, Moreno-Ger, & Berta,
2013). In contrast with traditional methods, digital GBA methods have
the following merits: (a) they are fun and can reduce test anxiety; (b)
they allow for recording users’ interactions in detail (i.e., via the accu-
mulation of log data generated by keystrokes and mouse clicks); and
(c) they can be designed to provide real-time learning supports (Shute
& Ventura, 2015). In literature, we can see that previous studies have
integrated GBAs in classrooms in order to assess students’ skills or
knowledge in many different domains: mathematics (Chiu & Hsieh,
2017), art (Basu et al.,, 2020), language (Song & Sparks, 2019), or
soft skills (Nikolaou, Georgiou, & Kotsasarlidou, 2019) are only a few
examples of knowledge domains where researchers have conducted
studies using games for educational assessment. Apart from education,
we can also find previous literature applying GBA in other different
contexts, such as healthcare (Vallejo et al., 2017) or employee selec-
tion (Georgiou, Gouras, & Nikolaou, 2019). However, the GBA potential
to perform valid assessments is mitigated by the time and effort that
designing these types of assessments require. Therefore, a common
way to conduct GBAs without going through the entire design and
implementation process would alleviate these issues and promote more
assessments using SGs. In our work, we introduce an intermediate layer
that acts as a common knowledge model in order to be used with
different data formats so that GBAs can be performed and visualized
by simply adapting the data available.
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2.2. Game-based assessment models and metrics

Once we have gathered data from users’ interaction with a spe-
cific game, how to perform a valid and reliable assessment? Although
some game and learning analytics can indeed be used in GBAs, they
lack specific metrics and methods that outline their effectiveness. SGs
analytics need to provide (actionable) insights that are of values to
the stakeholders (Loh, Sheng, & Ifenthaler, 2015). In education, new
techniques such as Learning Analytics (LA) are trying to provide insight
about the educational processes and improve the common educational
scenarios benefiting from data-driven approaches (Alonso-Fernandez
et al., 2019). Its aim is to understand learners and their environments,
and improve the learning process through analysis of the data collected
from students’ interactions with the learning environment to assess
students, predict future events and act consequently to refine educa-
tional actions (Alonso-Fernandez, Calvo-Morata, Freire, Martinez-Ortiz,
& Fernandez-Manjén, 2019; Serrano, Marchiori, del Blanco, Torrente,
& Ferndndez-Manjén, 2012).

LA and other techniques, such as data mining (and educational
data mining), can be used to fuel the advancement of games re-
search through leveraging the rich data streams enabled by digital
GBAs (Owen & Baker, 2019). These areas are applied to explore models
and techniques for making efficient and effective use of these data:
capturing, tracking, aggregating, analyzing, and visualizing/utilizing
information about users’ interactions with learning content and their
learning progress (Shoukry, 2020). The use of data from games can be
collected while users are playing to analyze not only the impact the
game is making (in their learning), but also the appropriateness of the
game design and its mechanics (Alonso-Fernandez et al., 2019).

Gathered data should help get inferences about general traits and
abilities of the learner, his general knowledge state, his situation-
specific state, his behaviors and his outcomes (Shoukry, Gobel, &
Steinmetz, 2014). A frequent approach is to use a set of metrics (or
indicators) calculated from users’ data. In fact, assessment mechanics
help game designers select or design game mechanics that generate
useful game metrics (Plass et al., 2013). Many studies have been using
metrics to measure students’ interaction with educational games, mea-
suring persistence (DiCerbo, 2014) or engagement (Ruiperez-Valiente,
Gaydos, Rosenheck, Kim, & Klopfer, 2020), among others. In a survey
conducted by Gris and Bengtson (2021) on assessment measures in
game-based learning research, 91 studies were analyzed, and results
showed that learning aspects are much more assessed than engagement
and usability features. Moreover, metrics can be used for other purposes
rather than to report users’ knowledge. For example, Martinez, Gémez,
Ruipérez-Valiente, Pérez, and Kim (2020) developed a series of metrics
related to students’ activity (e.g., active time, number of different
events), but also to the difficulty of different levels in the game, so
teachers can adapt their teaching based on these data. Finally, we
can highlight the work by Hamdaoui, Khalidi Idrissi, and Bennani
(2016), who used in-game metrics to define the students’ learning and
playing style, but also to adapt gameplay and learning content based on
those metrics. Although each environment may have specific metrics
some are more common across environments, such as those related to
the activity with numbers of events or active time (Ruipérez-Valiente,
Gomez, Martinez, & Kim, 2021).

In Liu, Kang, Liu, Zou, and Hodson (2017), authors performed a
systematic review on the use of LA for assessment in games, and the
results highlighted the promise of using multiple data sources, as well
as combining emerging techniques such as visualization and tradi-
tional analyses such as statistical and qualitative analyses. When done
correctly, visualization can reveal information otherwise unobtainable
through traditional statistical analysis. Information visualization is a
field of study in its own right and increasingly includes new approaches
to visualize spatial and temporal data for reporting and communication
purposes (Loh & Sheng, 2015). In recent years, several dashboard
applications have been developed to support learning or teaching.
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Such dashboards provide graphical representations of the current and
historical state of a learner or a course to enable flexible decision
making using visual elements (Podgorelec & Kuhar, 2011; Verbert,
Duval, Klerkx, Govaerts, & Santos, 2013). They allow the data to be
processed so that they can be visualized in a way that enables the
teacher or learner rather than the software to make sense of them,
converting the abstract and complex to the concrete and visible by
amplifying human cognition (Card, 1999; Duval, 2011).

These metrics and visualization systems present in literature are
designed specifically for each game and study, which creates interop-
erability issues. An objective in our research is to review previous GBA
metrics, as well as designing novel interoperable metrics to demonstrate
that is possible to perform GBA with different SGs and data formats.
In addition, our case study also includes an example of how to use
visualizations to graphically represent all these interoperable metrics.

2.3. Interoperability, standards and ontologies in games

While the use of SGs has extended rapidly to a variety of do-
mains, their design, development and later analyses of results re-
mains a challenging individual process for both developers and teach-
ers/trainers (Stanescu, Stefan, Kravcik, Lim, & Bidarra, 2013). Interop-
erability is a key requirement for organizations regardless of the field
they operate. People, organizations and software systems must com-
municate between and among themselves. However, due to different
needs and background contexts, there can be widely varying viewpoints
and assumptions regarding what is essentially the same subject mat-
ter (Uschold & Gruninger, 1996). The way to address these problems
is to reduce or eliminate conceptual and terminological confusion and
come to a shared understanding. Previous studies have proposed ap-
proaches trying to standardize analytics into games. Alonso-Fernandez,
Calvo, Freire, Martinez-Ortiz, and Fernandez-Manjon (2017) proposed
an interaction model (xAPI) that can be used to describe streams com-
posed of actors performing with actions in a specific context. Each xAPI
statement represents a learning activity and has three main attributes:
an actor, a verb and an object: who did what action, with a target of
the action and certain additional attributes. Moreover, Perez-Colado,
Rotaru, Freire, Martinez-Ortiz, and Fernandez-Manjon (2018) proposed
a method that comprises the specificities of location-based games, as an
extension of the xAPI standard to support location-based SGs.

Another area that could help us to establish a common model
and remove conceptual confusion is the area of ontologies. Ontologies
are often defined as a set of concepts, their definitions and their
inter-relationships about certain domain (Uschold, 1996). In computer
science, the concept “ontology” is interpreted in many different ways
and concrete ontologies can vary in several dimensions, such as degree
of formality, authoritativeness or quality (Happel & Seedorf, 2006).
Researchers in many areas have all recognized the need for ontologies
to clearly define specialized vocabularies for these domains (McDaniel
& Storey, 2019), and nowadays we can see ontology-based applications
in areas as diverse as customer support and engineering of cars (Staab &
Studer, 2010). Several approaches have been proposed for developing
ontologies (Corcho, Ferndndez-Lopez, & Gémez-Pérez, 2003): following
a bottom-up strategy, on the basis of an application Knowledge Base
(KB); to reuse large ontologies to build domain specific ontologies
and KBs; collaborative construction (agreeing new pieces of knowledge
with the rest of the knowledge architecture, which has been previously
agreed)... However, it is not usually necessary to implement ontologies
manually, as most of the available ontology tools are able to generate
ontologies in many different ontology languages. Although we identi-
fied some studies that have proposed approaches trying to standardize
the use of games for assessment (e.g., Said, Cheniti-Belcadhi, & El
Khayat, 2019 with an ontology for personalization in serious games for
assessment, or Tang & Hanneghan, 2011 with an ontology for serious
game design), we did not found any study trying to standardize the
GBA area using an ontology-based approach.
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As a result of students’ interaction with games, large repositories of
data are generated. When it comes to the relationship between ontolo-
gies and this vast amount of data, data is usually stored in the com-
puter main memory; thus, some problems exist when manipulating a
large amount of ontology-based data (Dehainsala, Pierra, & Bellatreche,
2007). Trying to solve these issues, some studies have incorporated the
use of big data technologies when managing ontology-based data. Some
examples are the use of MongoDB (a NOSQL database) and modular
ontologies (Abbes & Gargouri, 2016), or the use of Spark and Flink
(two data processing frameworks) for the construction of an engine for
scalable processing of large-scale RDF data (Lehmann et al., 2017). In
this research, we plan to go beyond literature, trying to standardize the
GBA area defining a common knowledge model. With this purpose in
mind, we combine the use of ontologies and GBA metrics in order to
address the interoperability issue in this particular area.

3. Methodology

In this section, we present the selection of games and metrics that
have been used for validation, as well as the construction method that
we have followed to build our ontology. In addition, we introduce the
framework where our case study and validation has been conducted.

3.1. Serious games selection

Since we wanted to test our ontology in a real scenario, we se-
lected a set of different SGs within different knowledge domains to
test the interoperability of our approach. Field Day (Field Day Lab,
2022) is a research lab based at the Wisconsin Center for Education
Research at the University of Wisconsin - Madison. Field Day designs
learning games that bring contemporary research to the public, making
their game data available to the public. Exploring this open game
data (Gagnon & Swanson, 2023), we made a selection of SGs that we
use in our study:

* Magnet hunt: a game where learners have to use magnetic waves
to find a set of magnets hidden throughout the yard. This game
addressed the topic of magnetism, a class of physical phenomena
that are mediated by magnetic fields. Moreover, it also addresses
other topics like forces and interactions, magnetic poles, and
magnetic fields.

Wave combinator: a game where students learn how waves inter-
act using a mysterious wave combinator found in the yard. This
game addresses wave properties, amplitude, offset, wavelength,
frequency, and more topics.

Crystal cave: a game where students learn all about crystal
molecules and dig up some sweet crystals for their collection in
the museum. This game addresses crystals, geometric arrange-
ment, molecular charges, and molecular stability topics.

Wind simulator: using this simulator, students learn how wind
travels from high to low pressure systems, but moves in a spiral
due to the coriolis effect. The game addresses concepts related to
earth’s systems, air masses and weather conditions, and weather
patterns.

Antibiotic resistance: Playing this game, learners will acquire
knowledge about heredity, inheritance, variation of traits, muta-
tion, genes, and antibiotics.

« Earthquake: in this game, students learn about real earthquakes,
with concepts such as earth’s materials and systems, scale propor-
tion and quantity, S waves, P waves and triangulation.

Nitrogen cycle: learners have to figure out how nitrogen atoms
move around the world to win the game. In this process, they
will learn concepts such as the nitrogen cycle, bacteria digestion,
plant death, plant assimilation, or herbivorism.
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Table 1

Dataset sizes.
Game Size (MB) # of events # of triples
Magnet 50.8 100,000 1,788,937
Waves 63.0 100,000 1,741,566
Crystal 67.9 100,000 1,724,822
Wind 64.1 100,000 1,646,667
Bacteria 57.1 100,000 1,711,218
Earthquake 44.6 100,000 1,528,762
Nitrogen Cycle 55.2 100,000 1,708,911
Carbon Cycle 52.2 100,000 1,719,099
Shadowspect 44.0 100,000 1,682,333
Lakeland 71,3 100,000 1,821,143

* Carbon cycle: learners have to figure out how carbon atoms move
around the world, mastering the carbon cycle in order to collect
enough carbons to beat the final opponent. Learners will acquire
competences related to the carbon cycle, systems and systems
models, cycle of matter, and energy transfer in ecosystems.
Shadowspect: a geometry game designed explicitly as a formative
assessment tool to measure math content standards (e.g. visualize
relationships between 2D and 3D objects). It aims to provide
metrics related to geometry content and other behavioral and
cognitive constructs.

Lakeland: in this strategic building game, learners decide to build
a new town called Lakeland, explore the dynamics of the nutrient
system and recognizing the impact humans have on the world.
The game addresses the Next Generation Science Standards es-
sential practice of Modeling alongside the cross-cutting concepts
of patterns, cause and effect, and systems and system models.

All these games (and their data) can be checked and played in
https://fielddaylab.wisc.edu/opengamedata/. As an example, we can
see two screenshots of two different SGs from this research lab in Fig. 1.
Datasets are usually in TSV format, and, although each dataset has
some specific columns, most of them have columns in common that
are essential in game log data, such as the “session id”, “game id”,
“timestamp”, “game version”, or “user id”. Data format employed in
these datasets has been considered as the base format that is used later
as data input in our experiments.

3.2. Data collection

To test the interoperability of our approach, we used ten data sets
from the SGs presented in Section 3.1. The size of each dataset is
presented in Table 1. As we can see, each one of the datasets contains a
total of 100,000 game events derived from real players’ interaction with
the different games. The number of triples in our experiments varies
from 1,528,762 to 1,821,143, depending on each game.

3.3. Metric selection

In this section, we describe the process followed to select and
develop the set of metrics that are used to perform GBA and test our
approach’s capabilities. We can divide these metrics into two different
subsets: literature metrics, and author proposed metrics. First, we wanted
to demonstrate that our framework can replicate any metric present
in literature. With that purpose in mind, we used the selection of
papers of our previous systematic review on the GBA area (Gomez
et al., 2022), carefully reviewing each paper and selecting the metrics
described. Since our objective was to select metrics in literature, we
excluded calculations over data that included Machine Learning (ML),
Deep Learning (DL) and similar models/algorithms. Second, we wanted
to demonstrate the possibilities that our approach provides creating a
set of metrics that go beyond the state of the art, introducing new ways
to perform GBA using ontology-based data and SparQL queries. To val-
idate that our ontology-driven metrics were correct, we implemented
some of the metrics directly using the collected primary data to check
that results were the same using both approaches.
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(a) Magnet hunt screenshot.
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(b) Lakeland screenshot.

Fig. 1. Screenshots of two of the SGs selected.

3.4. Ontology development process

In general, methodologies give you set of guidelines of how you
should carry out the activities identified in the ontology develop-
ment process, what kinds of techniques are the most appropriate in
each activity and what products each one produces (Fernandez-Lopez,
Gomez-Pérez, & Juristo, 1997). When constructing an ontology, there
are two different methods that we can follow, one is to build a new
domain ontology directly, and the other is to expand an existing domain
ontology. When choosing ontology construction methods, we should
choose the most appropriate method according to the actual situation,
or even integrate the advantages of various methods (Sun, Hu, Li, & Wu,
2020). To the best of our knowledge, there is not an existing ontology
meeting our requirements and that could be used to expand it, so we
decided to built our own ontology from scratch.

For building our ontology, we decided to use Methontology
(Fernandez-Lopez et al., 1997), a structured method designed to build
ontologies from scratch, reusing others as they are, or by a process
of re-engineering them. Methontology was stated as the most mature
approach for building ontologies, being recommended by the Founda-
tion for Intelligent Physical Agents (FIPA) for the ontology construction
task (Corcho et al., 2003). In Fig. 2 we can see the complete develop-
ment process that we have followed to build and validate our ontology,
which is an adaptation of the Methontology original methodology and
the one proposed by Olszewska et al. (2020), which is also based on
Methontology. Next, we explain each step in detail.

3.4.1. Pre-development activities
The pre-development activities include planification, the environ-
ment study, and the knowledge acquisition:

« Planification and environment study: this is the first phase of
the process. These activities consisted in identifying the problem
to be solved with the ontology, the applications where the on-
tology will be validated and integrated, and verifying that the
ontology was possible to build, also considering the limitations
of the project (Olszewska et al., 2020).

Knowledge acquisition: was thought as an independent activ-
ity in the development process. However, it can be conducted
simultaneously with other activities, as most of the acquisition is
done with the requirements specification phase. It deals with the
acquisition of knowledge from experts or other sources, that can
include books, figures, tables, brainstorming techniques, or even
other ontologies, among others.

3.4.2. Development states
The development states constitute the main core of the methodol-
ogy, consisting of:

« Specification: the goal of the specification phase is to produce an
informal, semi-formal, or formal ontology specification document
written in natural language, including (a) the purpose of the
ontology, (b) the level of formality of the implemented ontology,
and (c) the scope, using a set of intermediate representations or
competency questions.

Conceptualization: captures the relevant domain knowledge
building a conceptual model describing the problem and its
solution. The core concept dictionary must meet the require-
ments of being unambiguous while covering the entire domain.
Moreover, we must take into account the concepts’ relationships
and attributes. In this vein, we can build a set of intermediate
representations such as a glossary of terms, a verb dictionary, or
tables of rules and formulas, if needed.

Integration: it explores the use of other ontologies to speed
up the construction of your ontology, reusing certain terms or
definitions.

Implementation: in this phase, the formal models built previ-
ously are converted into a computable model. As the ontology
development environment, we decided to use Web-Protégé, a web-
based lightweight ontology editor which combines the Google
Web Toolkit for the user interface, and Protégé for supporting
ontology services. It is open source, and also provides collabo-
rative features to facilitate discussions and annotations between
different contributors (Tudorache, Vendetti, & Noy, 2008).
Validation in a real scenario: since the main goal of our study
was to perform interoperable GBAs in a real context, this phase
includes the validation of the ontology using a real dataset,
collected as a result of the users’ interaction with different games
that have been used in real life. In this state, we validate the
ontology by trying to represent the information contained in
the dataset and checking if the initial objectives defined are
accomplished.

Formal evaluation: this stage means to carry out a technical
judgment of the ontology and their software environment with
respect to a frame of reference. The formal evaluation includes
(1) Verification (i.e., the technical process that guarantees the
correctness of an ontology) and (2) Validation (i.e., guarantee
that the ontology and the software environment correspond to
the system that they are supposes to represent). To perform the
verification, we used OOPS! (Ontology Pitfall Scanner!) (Poveda-
Villalén, Gomez-Pérez, & Suarez-Figueroa, 2014), a tool for de-
tecting pitfalls in ontologies, which operates independently of
any ontology development platform and is available online. For
example, OOPS! warns you when the domain or range of a
relationship is defined as the intersection of two or more classes,
or when a cycle between two classes in the hierarchy is included
in the ontology, which could lead to reasoning problems.
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Fig. 2. Ontology development process.

Note that this is an iterative process: after the ontology is initially
constructed, it can be evaluated and improved. If in the “Validation
in real scenario” stage we discover any type of inconsistency or any
objective that is being not satisfied, we then go again to the ini-
tial development phases to fix any problem and keep improving the
ontology.

3.4.3. Post-development activities
This part of the development is done only when the previous phases
have been finished. The post-development activities include:

* Documentation: this phase gather all the documents produced
during the previous stages in order to create an appropriate
ontology documentation.

« Maintenance: updates the ontology creating/removing concepts
or relationships, allowing the ontology to evolve based on new
applications that it could have.

* (Re)use: it considers the use of the ontology for the original
purpose, but also the reuse of the developed ontology in other
ontologies and/or applications.

Although these activities are only executed once, the maintenance
and (re)use phases can be repeated if necessary after the ontology
development has been accomplished.

3.5. Framework to support interoperable game-based assessments as a ser-
vice

Once the ontology has been created and validated, we need a
powerful tool capable of integrating our ontology and using ontology-
based data to develop useful metrics. Consequently, we decided to
use a framework developed to support interoperable Game-based As-
sessments as a Service (GBAaaS) (Gomez, Ruipérez-Valiente, & Gar-
cia Clemente, 2023). The complete framework’s architecture in shown
in Fig. 3.

As we can see, the framework uses standard formats for data input
(e.g., CSV, TSV), transforming these data into ontology-based data in
Resource Description Framework (RDF)/XML format. RDF is a general-
purpose language for representing data and metadata on the web, and it
is supported by its own query language SparQL, enabling the extraction
and transformation of RDF data (Gandon, Bottollier, Corby, & Durville,
2007). In the next step, SANSA framework (Lehmann et al., 2017) is
used as a base to process these ontology data and infer new information
from it, as well as perform queries over the inferred data. All metrics
designed and developed have been implemented in form of SparQL
queries. Then, thanks to the metric output module, query results can be
exported using several formats, such as plain text or CSV. In addition,
the framework also provides a REST API module, allowing to use it as
an online service. Finally, the authentication and authorization module

70



M.J. Gomez et al.

Expert Systems With Applications 248 (2024) 123370

RDD Inference
Sp,'c"-‘ll\(Z {OWL Reasoner} [Custom inference]
New triples
Original triples !
Query system @)
Input
SANSA

Analytics, inference & querying

s

m Input Ontology data
MysaL ) (CSV,TSV...) processing (j
Produces
e [
_g m e RDF/XML
5 . Files
Metrics Pre-processing
Query Deposit

B

API

Authentication &
Authorization

/

Devices

Clients

Dashboard

Fig. 3. GBA framework’s architecture.

manage the different roles and authorizations in the system, making
sure that clients making petitions through the API module are properly
logged in and have the right permissions to operate. A comprehensive
description of this framework and its components can be consulted in
our previous work (Gomez et al., 2023).

4. Results
4.1. Proposed ontology

The ontology has been developed following the methodology de-
scribed in Section 3.4. We only include the results derived from
the phases “Specification”, “Conceptualization” and “Implementation”,
since the rest of activities and phases do not have a specific output.

4.1.1. Specification

This activity produces a specification document as an output. As
stated in our methodology, the specification document must address
the most vital questions related to the domain we are interested in,
the ontology purpose, and its scope. In addition, we have proposed
a set of Competency Questions (CQs), which are the questions that
are later used at the evaluation phase to assure that the ontology is
appropriate for the purpose originally thought. In Table 2 we can see
the specification document proposed for our ontology.

4.1.2. Conceptualization

This activity aims to capture the relevant knowledge with a set of
intermediate representations. For our ontology, we built a core concept
dictionary (which includes the main terms and concepts involved in
the GBA domain, along with possible synonyms), a table of attributes
(including the attributes of each concept), and a binary relation table
(which includes the relationships between the different concepts and its
cardinality). In Table 3 we can see the core concept dictionary of our
ontology, including relevant terms such as “Game”, “Game session”,
“Player” or “Learning outcome”. Moreover, in Table 4 we can see two
examples of the binary relation table, indicating the source and target
concepts and their cardinality.

4.1.3. Implementation

In this step, we prepared and converted the GBA Ontology into
machine readable format, using an ontology development editor. As we
stated in the methodology, we use Web-Protégé and Protégé as ontology
modeling tools. The classes constructed and their relationships are
shown in Fig. 4.

As we can see, the final ontology model includes the core concepts
previously identified in form of classes, as well as a set of relationships
that aim to represent the links between the different classes. For
example, we see that a user can have a relationship with certain user
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Table 2
The ontology requirements specification document.

Specification Document

Domain Game-based Assessment.

Date Nov, 9th 2021.

Conceptualized by Research author.

Purpose Ontology about game-based assessments

to be used in different contexts and with

different types of data. The ontology

could be used to infer knowledge about

the existing data related to users’

assessment, creating new information

such as the level of the player, or

different play styles.

Semi-formal.

Users’ assessment using data from

serious educational games.

« How to assess or measure that the required learning objective has been
achieved?

« Which users have a specific play style (e.g., persistence)?
« Which levels have been completed by a user in a game?

« How much time has a user spent playing different games?
« How users have interacted with different games?

Level of formality
Scope

Competency questions
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Table 3
Core concept dictionary.

Fig. 4. GBA Ontology classes and relationships visualized via Protégé Ontograf.

Table 4
Binary relation table sample.

Core concepts and terms

Binary relation table

Concept

Game

Game event

Game achievement
Instructional content
Unit of play
Scenario
Instructional content
Attempt

Learning outcome
Game session

User

User group

Play style

Synonym Relation name Has

- Source concept Game
Assessment statement Source cardinality (1,n)

- Target concept Game achievement
- Target cardinality (1,n)

LeV?l Relation name Has
Environment Source concept Game session
- Source cardinality (@))

- . Target concept Attempt
Capability Target cardinality (1,n)

Player

Player group

Behavior

External evidence -

Sources of knowledge Nouira, Cheniti-Belcadhi, and Braham
(2018), Plass, Homer, and Kinzer
(2015), Rocha and Zucker (2015), Said
et al. (2019), Tang and Hanneghan
(2011), Yusoff, Crowder, Gilbert, and
Wills (2009)

group, but also with game sessions and play styles. These relationships
contribute to improve the knowledge and they can be used to perform
queries from the ontology with reasoning tasks. For example, they can
be used to ask for the game events that certain user has on certain

game(s). In order to view the complete ontology, the reader can create a
new account on the Web-Protégé web page, and then use the following
link: https://webprotege.stanford.edu/#projects/d0adbf6c-e703-4f81-
bbfa-9fcd9a974a07/edit/Classes.

4.2. Metric ontology validation

In this Section we aimed to validate the ontology proposed by using
two different groups of metrics: metrics that emerged from previous
literature and newly designed metrics. Finally, we also explain how
these metrics have been implemented in the framework.
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4.2.1. GBA literature metrics

As we stated previously, we did a careful review of the GBA lit-
erature to search and replicate metrics that have been implemented in
previous studies. After reviewing and grouping each metric, we created
six groups:

Activity indicators: This metric is computed for each game,
group and user, and includes the total amount of time spent in
the game, the total number of events, and the frequency of events
(number of events/total time).

Persistence indicators: This metric is computed for each game,
group and user, and includes the total amount spent in units
(levels), the number of units completed, and the maximum time
spent in a single unit.

Event types: This metric is computed for each user and game, and
includes the number of events of each user grouped by event type
(e.g., “Complete”, “Retry”, “Interaction”). In addition, this group
also includes the interaction level, which is defined as interaction
events divided by the sum of the rest of events.

User performance: This metric is computed for each game, group
and user, and includes the percentage of success (which is defined
as the number of units completed divided by the number of units
started), and the maximum unit reached by the player.

Levels of activity: This metric is computed for each game, group
and user, and include straightforward metrics to compute based
on a feature engineering process, such as the active time, inactive
time, number of events, and the number of different types of
events.

Funnel by user: This metric is computed for each game, group
and user, including the percentage of units that the user has
started, the percentage of units that the user has interacted with,
and finally the percentage of units that the user has completed.
This funnel seeks to provide a quick overview of the current status
and progress for each user and game.

These metrics have been implemented in our framework in form of
SparQL queries, and they will be used to illustrate how we can use this
approach in a real scenario. In addition, the granularity of these metrics
can be changed very quickly, being able to aggregate results by whole
groups or even the whole game.

4.2.2. Additional metric proposal

Moreover, going beyond this type of operations over data, we de-
signed and implemented a set of metrics that require of more complex
calculations, such as standardization, normalization, or more complex
methods (e.g., machine learning techniques). Next, we explain each
metric in detail:

« Levels of difficulty: This metric is computed for each game and
unit of play (level), and provides a set of parameters that are
related to the difficulty of the different units (Ruipérez-Valiente
et al., 2021), namely: completed_time, which is computed by di-
viding the amount of time invested in the game by the number of
completed units; actions completed, which is computed by dividing
the number of actions by the number of completed units; and
p_abandoned, computed by dividing the number of started units
by the number of completed units. Then, a standardized and
normalized measure of the three previous parameters together in
a single value is computed, representing the difficulty score of
each unit.

Persistence: This metric is computed for each game, user, and
unit of play (level). Although there are few indicators on how to
calculate persistence, it can be observed that time, both for com-
pleted and uncompleted activities, and the number of attempts
are essential characteristics for persistence. Following some re-
lated works, it can be seen that the rest of the parameters are
more linked to the specifications of each scenario where it has
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been implemented (Valiente, 2022). In our specific metric, to see
if a user has been persistent or not, we consider several metrics:
if the unit has been completed or not, active time spent, number
of events triggered, and number of attempts. Accordingly, we
consider percentiles of each of the parameters considered (time,
attempts, events), supposing that the user was persistent if the
respective value exceeds the value of 75%. Lastly, for each user,
we identify the units in which he has been persistent, and we
calculate if the user globally has been persistent or not according
to the number of units in which he has been persistent.

Play styles: This metric is computed for each game and user. To
identify different play styles that users can have when playing, we
perform clustering by using k-means algorithm, which commonly
uses a set of continuous variables as input. We use as input the fol-
lowing indicators: total active time, different days played, number
of different events triggered, number of interaction events, and
completed units. Based on these indicators, we can obtain higher
level profiles so that we can analyze each cluster separately and
determine different play styles.

For these metrics, the initial calculations required have also been
implemented in form of SparQL queries. However, other advanced
techniques (such as ML) have been included in the system by devel-
oping separated scripts that use the SparQL queries results to perform
complex calculations. Moreover, the granularity in these metrics can
also be changed easily so that metric results are displayed not only by
individual users but also by group or game.

4.2.3. Metric implementation

To implement the metrics presented, we used the framework de-
scribed in Section 3.5. Thanks to its capabilities, we have integrated the
ontology developed along with the different metrics. Once the log data
from learners’ interaction with SGs has been transformed into ontology-
based data, the system uses SparQL (the standard language for querying
RDF data) queries to gather information from these data. Therefore, we
implemented all the basic metrics in form of queries, including metrics
emerged from literature as well as the first stages of the additional
metrics proposed. Regarding the additional metrics, more complex
calculations were executed using specific scripts integrated into the
framework, which also used the results from the SparQL queries. Next,
as an example, we show the query implemented for the “Activity
indicators” metric:

SELECT ?game 7group 7user
7totalTime 7totalGameEvents
((?totalGameEvents/7totalTime) as 7freqEvents)
WHERE{

?user rdf :type m:User.

{SELECT 7group ?user 7game
(SUM(7individualTime) as 7totalTime)
(COUNT (DISTINCT(?ev)) as 7totalGameEvents)

WHERE{
7user rdf :type m:User.

?7user m:has 7attempt.

?7user m:hasGroup 7group.

?7attempt rdf :type m:Attempt.

?attempt m:playedInUnit ?unit.

?game m:hasUnit0fPlay 7unit.

7attempt m:has 7ev.

?ev rdf : type m:GameEvent.
7evm:timeBetweenEvents 7?individualTime.

3

GROUP BY ?group 7user 7game

}

}
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As stated in the metric definition, it calculates the total amount of
time spent in the game, the total number of events, and the frequency
of events of each learner separately. As we can see, the total time is
calculated by adding the number of seconds that each event lasts, and
this number is aggregated by group, game and user. Moreover, we also
see that the frequency is calculated dividing the total number of events
by the total time (in seconds) once the results have been aggregated by
learner.

4.3. Case study

In this section, using our experiment results, we present a case
study exemplifying how our ontology-based approach and the com-
puted metrics could be used in a real life environment. To test the
interoperability and usability of our work, we followed previous related
work (Diaz et al., 2019; Jayapandian, Zhao, Ewing, Zhang, & Sahoo,
2012; Santos, Dantas, Furtado, Pinheiro, & McGuinness, 2017) and
conducted a similar case study.

4.3.1. Dashboard overview

In this use case, we present a visualization dashboard system that
uses the data analyzed and transformed into metrics, being consumed
via visualizations. This enables instructors to monitor what learners
are doing while playing, use these data to adapt their interventions
when necessary, or even use these metrics as a part of a formative
evaluation. Moreover, this dashboard also allows learners to track their
own activity within the games. We have developed the dashboard using
Shiny’s R framework, and we have deployed it on ShinyApps web
server. In our implementation, we have two types of users: on the
one side, we have instructors (or teachers) that can use the dashboard
to visualize what their learners are doing. Therefore, instructors are
able to insert new GBA data, but also to query metrics from games
and groups where they are participating. On the other side, we have
learners, which are only allowed to query their own metric results. This
way, we restrict the access to different groups and games data to ensure
the privacy of each user.

Fig. 5 shows the dashboard running on the ShinyApps server. The
login page is shown in Fig. 5(a), where the user can log into the system
by using a username and a password. Depending on the credentials
used, each person has access to different features and different data
sets within the dashboard, as each user created in the platform has its
own roles and permissions. After login credentials have been initially
verified, the user gets access to different functionalities: in Fig. 5(b)
we can see the file upload page, where authorized users can upload
new GBA assessment data to be processed by the framework and
incorporated in form of new metrics data. Moreover, the user can
choose between different tabs available in the sidebar, either to upload
new data if the current user’s role permits it, or to query metric results
and see them graphically via visualizations.

Furthermore, Fig. 6 shows two illustrations of how metrics are
represented in the system. In our dashboard, we have implemented
both group-oriented and individual-oriented visualizations, depending
on the granularity of each metric. The dashboard takes advantage of the
complete interoperability between games and metrics, as the user can
manipulate the selection boxes to filter by different games and groups
(as shown in Fig. 6(a)), and also by user if the metric allows it (as shown
in Fig. 6(b)). That way, when a game is selected among the available
options, the system shows the existing groups for that specific game in
the corresponding selection box; once all the selection boxes for that
metric tab are filled with a choice, the system queries the necessary
information and represents it using interactive visualizations. Next, we
present a use case using these visualizations with real data.

10
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4.3.2. Group and student analysis

This use case exemplifies how an instructor can use the dashboard to
analyze the global group status, but also to monitor individual learners.
This can be very useful to track issues related to the whole group and
be aware of the learners’ current progress. For this use case, we analyze
some of the metrics that have been defined with specific examples,
using real data from the game and group that we have selected for the
analysis.

In Fig. 7(a) we see the Funnel by user metric visualization, which
is based on the metric we defined previously. In this concrete use case,
we selected the group “MainGroup” from the game “CRYSTAL”. We see
that there are 26 learners, with a funnel corresponding to each learner,
showing the percentage of units that have been started, interacted,
and completed. For example, we can focus on the user with identifier
“210604085851886” (third funnel in the first row), which is a learner
with a good performance in the game. This learner has started and
interacted 100% percent of the units, and completed correctly 89%
of them. Then, the instructor could use the “Persistence” visualization
(Fig. 7(b)) to have a more detailed perspective of how each learner
has interacted with the different units. In this visualization, a pie chart
for each user is shown, indicating the percentage of units in which
the user has shown different types of behaviors, such as “productive
persistence” or “unproductive persistence”. Focusing on the same user
as before, we see that has shown “no behavior” in 62.5% of the units,
“productive persistence” in 25% of the units, and that has been “non
persistent” in 12.5% of the units.

Then, the instructor might want to know more about the activity
that the learner has had in each unit. With this purpose in mind, an
instructor could use the “Levels of activity” visualization shown in
Fig. 8(b), adding a higher level of detail regarding learner’s interaction.
In this visualization, for a given user, we can see the active time,
number of events, and number of different events in each unit. For
the selected user, we can see that most interacted units have been
“CRYSTAL-7” and “CRYSTAL-8”, with an active time higher than 200 s,
and a number of events of 115 and 66, respectively. Then, to see which
have been the more complicated units for the group, the instructor can
take a look at the “Levels of difficulty” visualization (Fig. 8(a), in which
we can see the parameters defined, and the final difficulty measure
calculated for each unit. As we can observe, the most difficult units
for these group have been “CRYSTAL-7”, and “CRYSTAL-8”, which
perfectly matches with the interaction patterns previously seen within
the selected learner’s data.

5. Discussion

Although SGs are being considered as useful tools to perform com-
plex and reliable assessments in broad domains (Kato & de Klerk, 2017;
Sliney & Murphy, 2011), the implementation of GBAs features is seen
as a very time consuming step (Ifenthaler, Eseryel, & Ge, 2012). This
is due to heterogeneity issues, since assessment machinery is usually
designed specifically in each different game and context. Previous
work has addressed this problem by proposing standard models, such
as xAPI, comprising the specificities of analytics in games (Alonso-
Fernandez et al., 2017; Perez-Colado et al., 2018). In this research, we
try to address the interoperability issue by providing a higher level in-
teroperable approach to perform GBAs. We designed and implemented
a new ontology that serves as a common knowledge model, being able
to integrate log events from any game into a unified data model. This
implies the standardization of a wide area, with games designed with
different purposes, based on different knowledge areas, and targeting
participants with different characteristics.

Comparing our approach with previous standardized data format
approaches, which benefits can bring the use of an ontology to this
area? First, ontologies provide an organization and reuse of knowledge,
allowing to disambiguate or uniquely identify the meaning of concepts
in a given domain (Biirger & Simperl, 2008). Second, ontologies allow
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Fig. 5. Screenshots of the dashboard developed.

to take advantage of the richness and complexity of relationships
between concepts and entities within a domain. By representing these
relationships explicitly, ontologies can provide a better understanding
of the GBA area and enable a more sophisticated reasoning. This knowl-
edge representation also provides computational inference, which can
help to spot logical inconsistencies to indicate modeling errors. Third,
it is reasonable to expect a performance gain in precision and recall
when using ontology-based approaches compared with the data mining
approaches (Dou, Wang, & Liu, 2015). Furthermore, ontology-based
approaches can be combined with Big Data technologies in order to
obtain great performance results, as shown in Lehmann et al. (2017).
In fact, using the framework mentioned in Section 3.5, we were able to
compute data from approximately 39 full classrooms during an entire
month in 107.2 min (Gomez et al., 2023).

Alonso-Fernandez et al. (2019) conducted a review regarding ap-
plications of data science to game learning analytics data, and noted
that most papers did not report the format in which they collected
the data, so it is unknown if they were using a standard or relying on
their own data formats, which leads to reproducibility and reusability
problems. Our ontology works regardless of the data format, which
can be easily adapted to be incorporated in the model and used for

11

further processing. This enables an easy way to use any type of GBA
data and make straightforward assessments by simply adapting the data
to our model. In addition, authors also noted that sample sizes used in
the studies are, in general, quite low, presenting low statistical power
and having a reduced chance of detecting actual effects (Petri & von
Wangenheim, 2017). Thus, it is important that future research used
larger data samples, in order to improve the results’ generalization, and
also to enable the use of more complex techniques that usually require
a big amount of data. Our work also enables the processing of large data
samples, since it has been integrated in a framework that uses Big Data
technologies (specifically Spark) to process the ontology-based data.
The availability of real-time information about the learners’ interac-
tion and behaviors provides a great opportunity to analyze these data
during gameplay. The analysis of those actions and the investigation
of more complex series of actions and behaviors can provide key
insights into ongoing learning processes in these environments (Kim &
Ifenthaler, 2019). GBAs aim to convert learner-generated information
into actionable insights, including learners’ individual characteristics
(e.g., interests, prior knowledge, skills) and learner-generated game
data (e.g., time spent, goals or tasks completed). However, these anal-
yses are usually quite simple: we conducted a review on literature to
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collect which metrics have been used in previous studies, concluding
that most of them only use basic ones (e.g., completion times, count
of events, general scores), which implies simple calculations, such as
additions or averages. While all these metrics previously developed
have been implemented in our research, we have also developed novel
metrics using more complex calculations, such as normalization, stan-
dardization, and ML algorithms, demonstrating that our ontology can
replicate previous literature as well as using new approaches to perform
interoperable GBAs.

To see how our environment works in a real context, we collected
data from 10 different SGs and used the ontology and metrics to
perform GBA and conduct a case study. In many fields, dashboards are
used as a tool to inform and transmit knowledge, and their importance
and usefulness make them the subject of many studies (Ruipérez-
Valiente et al., 2021). Although some studies in the field have used
visualizations and deployed dashboards as effective tools to represent
GBA data (Gomez, Ruipérez-Valiente, Martinez, & Kim, 2020; Kim, Lin,
& Ruipérez-Valiente, 2021), our dashboard designed for the case study
is the first one in the area supporting interoperable GBAs, since it covers
data from different SGs at the same time by simply using the ontology
developed.

This work also has also some limitations: first, data has to be
incorporated into the ontology providing the data file manually, and
although we have defined a data format with columns that almost
any log data from the area should have, probably some adaptations
to the original data would be necessary in order to meet the input’s
requirements. Moreover, this approach supports ML techniques, but it
does not support more complex methods, such as Knowledge Inference
(KI) or Deep Learning (DL). The use of these methods could help to
infer more useful information from learners’ data, as well as improving
the results’ validity and reliability.

We can see the great potential that GBA have applied in many
contexts. Regarding professional environments, companies have begun
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to use GBA for employee recruitment and selection (Bina, Mullins, &
Petter, 2021). In healthcare, games are also being used for assessment,
training and rehabilitation (Ferreira-Brito et al., 2019). Moreover, GBA
can also be used to measure psychological well-being, by analyzing
learners’ anxiety, for example (Smits & Charlier, 2011). Despite all
these opportunities, the current challenge is (still) to make use of
data from learners, teachers, and game learning environments for
assessments. Therefore, we firmly believe that the future of games for
assessment is promising, and our work can help to alleviate some of the
challenges in the area by providing a common knowledge model and
provide straightforward interoperable assessments.

6. Conclusions

This research aimed to develop a novel approach to achieve inter-
operable GBAs using ontologies and in-game metrics that are automat-
ically computed using ontology-based data. With that purpose in mind,
we established three objectives: (1) to design and develop an ontology
to standardize the GBA area, (2) to conduct a validation study on
previous metrics in literature, as well as to design and implement novel
metrics, and 3) to conduct a case study illustrating how our approach
can be used in a real environment. First, we designed an ontology
from scratch using Methontology (Fernandez-Lépez et al., 1997) as
a base in our methodology, and we conducted a formal evaluation
using OOPS! (Poveda-Villalén et al., 2014) to detect possible issues
and iterate over the methodology to solve them if necessary. Then,
we conducted an study on previous GBA literature, carefully reviewing
each paper and noting the metrics developed so that we could replicate
them later in our environment. In addition to those metrics, we also
designed novel interoperable metrics (including more complex calcula-
tions and ML algorithms) to demonstrate and validate the capabilities of
our work. Finally, we conducted a case study performing GBA with data
from 10 different SGs. Benefiting from the capacities of the framework
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Fig. 7. Funnel by user and Persistence visualizations for the selected game and group.

used to integrate our ontology (Gomez et al., 2023), a dashboard was
developed using Shiny’s R framework and deployed via ShinyApps
server to test our approach with real data.

As part of our future work, we would like to validate our approach
by conducting case studies (using the framework showed in this re-
search) and collecting data in real time from learners and instructors.
Moreover, we will be developing new metrics to continue expanding
the system and its possibilities. Future studies should also consider
integrating more complex algorithms (KI,DL) that are quite important
within the GBA machinery literature in form of metrics that could
unveil the full potential that interaction data from learners have in
assessment. Finally, novel uses of our ontology and metrics, such as
reports generation, will be explored in order to perform new case

13

studies, giving our research even more practical application. This work
provides significant contributions to the literature, including a new
ontology designed as a common knowledge model to unify the GBA
area, aiming to provide interoperable GBAs using in-game metrics to
monitor learners’ interaction with games and provide useful insights. In
addition, since we developed the metrics in a modular way, integrating
them into a powerful ontology-based framework, our work can be
easily expanded with new metrics using novel approaches, such as ML
techniques. We expect the use of our work (including the ontology
and GBA metrics) along with its integration in the framework to solve
the current limitations regarding GBA interoperability, reducing the
cost and effort of developing specific GBAs, and therefore allowing the
deployment of GBAaasS.
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Fig. 8. Levels of difficulty and Levels of activity visualizations.
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1 | INTRODUCTION

Video games have assumed an essential place in our lives, evolving into complex and diverse platforms that are enjoyed
by people of all ages and backgrounds.'? This has generated increasing interest in using games in various settings during
the last decade.? The application of games with a non-entertainment primary purpose, known as serious games (SGs),
can provide multiple benefits in environments where games were not traditionally used.* Education is one such domain,
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where traditional content still constitute the majority of learning materials, and there is little consensus on how to effec-
tively integrate technology in the classrooms.’ However, SGs are also used in many other domains,® including training,
well-being, advertisement, and interpersonal communication, among others. SGs are also being explored as assessment
tools, in particular for their potential to provide more valid assessments compared to traditional assessment approaches,
providing more meaningful and authentic contexts for assessments through interactive and immersive environments.” In
the context of Game-based Assessment (GBA), a key challenge is making valid inferences about what the student knows,
believes, and can do without disrupting the game flow.?

Furthermore, GBA machinery, which includes metrics, dashboards, and other analytics,”° is usually designed for
each game, leading to increased costs, time, and effort. This development also requires the maintenance of a complete
infrastructure, requiring dedicated engineers to address these tasks. Semantic web technologies, and particularly ontolo-
gies, can address these heterogeneity problems. Ontologies capture domain-specific knowledge and offer an explicit
common conceptualization.!! Nowadays, ontologies are used in various application areas involving artificial intelligence,
natural language processing, data integration, and knowledge management.!? Using ontologies to define a standard
knowledge model in the context of Game-based Assessments (GBAs) could alleviate the time-consuming and costly step
of creating GBAs.!3

The growing use of GBAs has led to the creation of large data repositories, presenting new assessment opportuni-
ties.1*15 A game (educational or not) can generate vast amounts of interaction data, even in a short game-play session.
Data mining and visualization techniques applied to player interaction logs can provide valuable insights into how play-
ers engage with the game, leading to improvements in assessment methods and real-time feedback on activity progress.'®
However, data processing usually shows performance deficiencies when the dataset exceeds the memory size of a single
machine, and distributed computing frameworks can be employed to address this limitation.!”!8 Developing an efficient
system capable of processing large amounts of data and performing interoperable GBAs could significantly simplify the
design process. In addition, utilizing this system as an external service could reduce costs and efforts, enabling the use of
GBAs as a Service (GBAaaS).

In this research, we present a novel approach that combines the use of ontologies with big data technologies to create
interoperable GBAs. To address the challenge of game interoperability and specific assessment machinery, we have devel-
oped a new framework that automatically computes in-game metrics using the provided data and the standard ontology
model, where we re-use the existing Scalable Semantic Analytics Stack (SANSA).' Additionally, to solve the infrastruc-
ture development and maintenance issues, we integrate a service API into our framework, allowing it to function an
external service and enabling the GBAaaS paradigm. Specifically, in this research, we present the following contributions:

+ Framework development. Using SANSA-Stack as a baseline, we develop a framework that integrates our created
GBA ontology using big data technologies. This facilitates game interoperability and enables the GBAaaS paradigm.
The main novel features of our framework are:

- Ontology integration. Our framework integrates the previously designed ontology into the SANSA framework to
process large resource description framework (RDF) data.

- In-game metric development. We develop and integrate a set of basic GBA metrics from the literature into the
framework, enabling interoperable learners’ assessment using RDF data. These metrics are also used to test the
framework’s performance when querying large datasets.

- Service API integration. We develop and integrate a REST API into our ecosystem, providing an easy way to
interact with the framework and allowing the use of our framework as an input/output service (GBAaaS).

« Framework evaluation. We have conducted a performance evaluation and a case study validation:

- Performance evaluation. This involves two tasks aiming to validate our framework’s input services: (1) data scal-
ability, testing how our framework scales to larger datasets and what the improvement is concerning the number of
workers in the cluster mode; and (2) flexibility, testing how the framework processes different metrics.

- Case study validation. We present a case study with two use cases to demonstrate how our framework can be used
as GBAaasS in various real applications of GBA in educational environments.

The rest of the article is structured as follows: Section 2 reviews background literature on SGs, GBA, and the use of
ontologies in big data environments. Section 3 presents the framework proposal and the case studies performed to test
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its performance and capabilities. Then, we finalize the article with a discussion in Section 5, and conclusions and future
work in Section 6.

2 | RELATED WORK

In this section, we present a review of the literature in the areas most closely related to our work: in Section 2.1, we review
literature related to SGs and GBA, and Section 2.2 reviews the literature related to ontologies and their use in big data
environments.

2.1 | Serious games and game-based assessment

The idea of playing a game dates to the ancient past and is considered an integral part of all societies.® In addition to
the previously mentioned benefits, it is argued that SGs can also positively impact the players’ development of several
different skills.?’ SGs are currently being used in several contexts. For example, using games for formal education has
become widely accepted as playing games has become an essential part of young people’s lives worldwide.?! Additionally,
there is also an increasing interest in how games can be effectively applied in learning and training contexts, as well as
in other areas such as healthcare,?? rehabilitation,?* and military training.?* For instance, Albaladejo et al.?> presented a
multimodal system that could be used to improve cyberdefense capabilities by utilizing gamified platforms for training
and testing individuals and organizations in cybersecurity practices and techniques.

However, SGs must be able to show that the necessary learning has occurred. An advantage of SGs as assess-
ment tools is that they can be programmed to capture, store, and share massive amounts of user data over time.”
This data can be used to perform reliable assessments and manifest this learning, enabling GBA. A common approach
to perform this assessment is to use a set of metrics (or indicators) that transform raw data into meaningful infor-
mation. For example, the authors in Reference 26 proposed a multidimensional measurement of engagement in a
learning game (“The Radix Endeavor”) across four dimensions: general activity, social, exploration, and quests. Sim-
ilarly, researchers in Reference 27 explored the creation of engagement profiles based on log data, considering the
different ways players engage with the game and highlighting patterns associated with active play. Many other studies
have conducted research aiming to assess users’ interaction with games, measuring factors such as persistence,?®3° dif-
ficulty,3>32 and level completion,'®33 among other measures. Furthermore, we found examples of metrics developed in
non-educational contexts. Authors in Reference 34 developed a GBA using multi-level functional tasks to assess instru-
mental activities of daily living in a sample of inpatients with chronic schizophrenia, measuring completion times and
errors in each task. Furthermore, Jackson et al.>> assessed a sample of 67 Reserve Officers’ Training Corps (military
sample) using the commercial game “Crysis 2,73 which simulates key features involved in combat situations. In this
research, authors measured tasks such as the number of eliminations, shots accuracy, or damage per bullet, among
others.

As we have seen, many SGs track their learners’ interactions, but they usually use custom formats.>” However, there
are enough case studies that identify common interactions tracked by SGs to start defining a standardized model. Previous
studies have proposed approaches to standardize analytics in games. For example, Serrano et al.” presented XAPI, an
implementation of a standard model that sets a basis for performing analysis in SGs methodologically. Moreover, Said
et al.3® proposed an ontology to model player experience and its association with in-game personalization, also defining
a set of reasoning rules to suggest tailored games for each player’s assessment path and player experience. Authors in
Reference 39 proposed an ontology that allows the description and representation of SGs that use resources from the Web
of Data, introducing concepts such as “game structure,” “game simulation,” or “game rule.” However, we did not find
any study attempting to standardize the GBA area to build interoperable assessments.

In this research, we go beyond the existing literature by attempting to standardize the GBA area through the definition
of a common knowledge model. With this purpose in mind, we combine ontologies, big data technologies, metrics, and
API services to create a novel framework capable of analyzing and inferring new knowledge using data from different
games. This information is analyzed and transformed using interoperable metrics, which are available for consultation
in various output formats. Finally, the API service has been defined and integrated to facilitate interaction with our
framework by different sources.
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2.2 | Ontologies and big data architectures

Over the last 15 years, ontology-based applications have been spreading and maturing. One can now find ontology-based
applications in diverse areas, including customer support and car engineering.*® For instance, researchers in Reference
41 designed and developed an integrated ontology of software engineering approaches to support sustainable software
development knowledge, awareness, and implementation. Furthermore, in Reference 42, authors conducted an analysis
that explained a detailed approach to building an ontology that can be used across different e-learning platforms. Addi-
tionally, as we have seen in the previous section, several studies®’3%** presented ontologies in different SGs applications
(e.g., collaborative learning, Web Data technologies). However, little research has been conducted in the direction on
ontology development for GBA. To the best of our knowledge, no ontology has been proposed specifically for the GBA
area, except for the one we presented in our previous research.* This ontology is part of the framework and acts as the
intermediate semantic layer in this research.

Several tools for managing ontology and ontology-based data are available, such as Protégé. Previous research includes
studies and frameworks that dealt with ontology-based data. Botoeva et al.*> generalized ontology-based data access
(OBDA) to allow querying arbitrary data sources using SparQL and compared implementing an OBDA system over
MongoDB with a triple store. Moreover, authors in Reference 46 presented Minerva, a storage and inference system for
large-scale OWL ontologies on top of relational databases. Minerva comprises four different modules: an import module
for reading ontology data, an inference module, a storage module for storing original and inferred assertions, and a query
module that uses SparQL.

However, storing ontology data in the computer’s main memory is a problem for applications that manipulate a large
amount of ontology-based data.*’ In recent years, several studies have proposed new approaches that use big data tech-
nologies to manage ontology-based data. For example, Abbes and Gargouri*® proposed an approach based on MongoDB
and modular ontologies. They made it possible by wrapping data sources to MongoDB databases, generating local ontolo-
gies, and finally composing the local ontologies to get a global one. Mountasser et al.* presented a semantic-based big data
integration framework that relies on large-scale ontology matching and probabilistic-logical-based assessment strategies;
they proved its efficiency in terms of accuracy, performance, and scalability. Moreover, Reyes-Alvarez et al.*® presented
a novel approach that enables the distributed storage of ontology-based data by exploiting the inherent distribution of
NoSQL database nodes. Finally, authors in Reference 19 presented SANSA, a big data engine for scalable processing of
large-scale RDF data using Spark and Flink. In our research, we use SANSA as a base for our framework. In particular, we
take advantage of various SANSA functionalities, such as the “Read/Write RDF library,” and the “inference library.” Fur-
thermore, we enhance SANSA’s functionalities by adding custom rules and queries to infer new knowledge from existing
data, support for various output formats, and a service API.

3 | FRAMEWORK PROPOSAL
3.1 | Framework requirements

Classic assessment has evolved over the past several years from traditional pen and paper-based tests to the use of technol-
ogy, such as games, and continues to evolve.’! However, implementing assessment features into games is only in its early
stages because it adds a time-consuming step to the design process.'® This is due to heterogeneity issues since assessment
mechanisms are usually explicitly designed for each game. Moreover, with the challenges brought on by GBAs, including
data analytics, the large amount of data now available for teachers is far too complex for conventional database software
to store, manage, and process.*? Finally, integrating GBAs in different environments generates a diverse range of data
from various sources,*” emphasizing the need for a unified and secure way to access GBA data. Therefore, we identified
the following requirements:

Requirement 1—Semantic layer between the event data and a common knowledge model: As previous liter-
ature reported,!1>>>* there are heterogeneity issues with the collected data. In fact, most previous studies did not report
any specific format for the collected data. Therefore, we need to define a standard knowledge model that unifies the GBA
area and can represent the necessary information for user assessment.

Requirement 2—Processing of large scale data: User interaction with games generate massive amounts of data
to be analyzed. Although the authors in Reference 53 reported relatively low sample sizes in the studies, Gomez et al.>>
stated that GBA research would benefit from using larger datasets since nearly half of the studies in their review described
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limitations in data sampling. Thus, it is important to use larger data samples, and we need to be prepared to process large
quantities of data to extract useful and reliable information from them.

Requirement 3—Game interoperability for GBA metrics and visualizations: GBA studies previously conducted
normally used ad-hoc solutions that enable data gathering to perform some assessment based on users’ data. In addi-
tion, some studies also enabled visualization dashboards for instructors and users.!” These solutions had to be developed
specifically for each game, severely limiting reusability. Therefore, to scale up the number of GBA implementations, we
need to provide new interoperable approaches that can reduce the effort required to build new GBAs, using scalable and
interoperable modules that can easily be added and reconfigured.

Requirement 4—Easy communication with external sources: Due to the integration of GBAs in different envi-
ronments, numerous data sources can hold valuable information to assess user interactions with games. Since many
different sources could use this computed information, we need to enable the system to be used as an input/output ser-
vice to deposit data from different sources or query the interoperable assessments generated. This need could be met by
integrating an API that can be used across applications, allowing the use of GBAaaS.

Requirement 5—Privacy, authentication, and authorization configurations: Users’ privacy in web services
is essential to address. GBA data contains valuable but also sensitive information, and sharing or analyzing these data
introduces privacy risks for the data subjects, primarily students.”® Among the many methods proposed in the litera-
ture, role-based access control (RBAC) has been widely accepted as the most promising model because of its simplicity,
flexibility in capturing dynamic requirements, and support for the principle of least privilege and efficient privilege man-
agement.>’ Therefore, we need to provide a system with different roles and permissions to ensure that only the appropriate
users can access specific analyses and data.

3.2 | Architecture

In this section, we describe each module of the framework’s architecture, which can be seen in Figure 1. We divide our
framework into five different modules: (1) Preprocessing module, (2) analytics, inference, and querying module, (3) metric
output module, (4) authentication and authorization module, and (5) API module. As we can see, the first module aims
to transform the raw data (CSV, TSV, JSON ... ) into RDF/XML files by using an ontology model. In the next step, we use
the SANSA framework to process the ontology data, infer new information, and perform queries over the inferred data. In
the metric output module, we aim to provide different output formats for the query results. Then, the authentication and
authorization module manage the different roles and authorizations in the system, ensuring that clients making requests
through our API module are correctly logged in and have the necessary permissions. Finally, the API module aims to
facilitate easy integration with external sources by generating a web service that can be used across different applications.

321 | Preprocessing

The first step is to transform the raw data, which can be received in multiple formats (e.g., CSV, TSV, JSON), into a format
understandable by the common knowledge model. In this research, we use the “GBA ontology,” a previously developed
ontology used as an intermediate knowledge model between the raw data and the metrics outputted by the framework.
Since there was no existing ontology that met our requirements and could be expanded, the “GBA ontology” was built
from scratch using methontology.>® Methontology is a structured method designed to build ontologies from scratch or by
re-engineering existing ones.

Our ontology aims to satisfy R1, creating an intermediate layer to transform log data (produced by users’ interaction
with games) into ontology data. This new format is used to analyze and infer new information for assessing users. The
ontology includes core concepts required for user assessment given any data set, such as “game event,” “attempt,” “unit
of play” (which is equivalent to a level), “user,” or “user group.” An overview of the ontology (including classes and
relationships between them) can be seen in Figure 2. The reader can view the full ontology using the Web-Protégé web
page link or the source file, both available in Reference 59. In addition, the full development process and a more detailed
view of the ontology can be found in Reference 44.

Using this model, the raw data is transformed into ontology classes, annotations, and relationships that contain the
same information. This information is stored using RDF/XML format. The Extensible Markup Language (XML) has
become widely adopted, along with transformation languages like XSLT and XQuery, to translate data from one XML
format into another.®® However, RDF has become another popular data representation and exchange standard. It is a

”
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FIGURE 1 Framework’s architecture.

general-purpose language for representing data and metadata on the web and is supported by its own query language,
SparQL, which enables the extraction and transformation of RDF data. RDF has an XML syntax called RDF/XML, where
the formal grammar for the syntax is annotated with actions generating triples of the RDF graph.®!

3.2.2 | Analytics, inference, and querying

Once the data is stored in RDF/XML format, the next step is to process this data and infer new information. To fulfill R2
and R3, we have decided to use the SANSA framework as the basis for performing our analyses. SANSA is an open-source
structured data processing engine that enables distributed computation over large-scale RDF datasets. It provides data
distribution, scalability, and fault tolerance for manipulating large RDF datasets. SANSA facilitates scalable analytics on
the data by utilizing cluster-based big data processing engines, with Spark being the specific engine we employ.!* An
overview of SANSA architecture is shown in Figure 3. Specifically, SANSA includes:

« Specialized serialization mechanisms and partitioning schemas for RDF, using vertical partitioning strategies.

« A scalable query engine for large RDF datasets and different distributed representation formats for RDF.

« Anadaptive reasoning engine that derives an efficient execution and evaluation plan from a given set of inference rules.
« Several distributed structured machine learning (ML) algorithms can be applied to large-scale RDF data.

+ A framework with a unified API that aims to combine distributed in-memory computation technology with semantic
technologies.
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In our framework, we leverage several SANSA’s functionalities. We use the “Read/Write RDF library” to read the RDF
data obtained from the raw data. This library allows us to read the RDF data from HDFS or the local drive file in the form
of triples, and represent it in Spark’s native distributed data structure, RDDs (resilient distributed datasets). To infer new
information from the existing triples, we use an extended version of the “inference library” provided by SANSA. This
library supports Jena and Web Ontology Language (OWL) API interfaces for processing RDF and OWL data, respectively.
As both RDF and OWL contain schema information and links between different resources, applying rules enables us to
infer new knowledge and expand upon the existing one. SANSA provides an adaptive rule engine that can utilize a given
set of rules and derive an efficient execution plan. Finally, we use the “querying library,” which provides methods for
performing queries directly within programs instead of writing the code corresponding to those queries.®? For querying
the data, we use SparQL, which allows users to query RDF graphs by specifying “templates” against which to compare
graph components. Data that matches or “satisfies” a template is returned from the query.**

Inference

As mentioned earlier, SANSA’s inference library provides several sets of rules, which can be used to infer new knowledge
from existing facts. In our implementation, we use the OWL-Horst reasoner, which contains a set of useful rules from
the OWL language.5* An example of a rule can be seen in Table 1. In this rule, if a property, is defined as “inverse” of
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TABLE 1 OWL Horst rule example.

Condition Consequence

property; owl:inverseOf property, instance, prop, instance;

instance, prop, instance,

another property,, and then we have an instance; connected through property; with an instance,, the reasoner will create
the relationship between instance, and instance; through property,.

We can see an example of this property applied to our ontology: we have two relationships, “has” and “from,” defined
as inverse. If we have a connection between an instance of the “user” class and an instance of the “game session” class
through property “has” (i.e., a user has a game session), the reasoner will create the relationship between “game session”
and “user” through the property “from” (i.e., game session from a user). In addition to the predefined set of rules we
use for the inference, we extend this inference by using the “Triple” class implementation provided by SANSA. Our
implementation allows for custom inferences, iterating over the triples, and creating or deleting new ones if necessary.
This way, we can create custom rules that extend the existing ones in SANSA, adapting the inference process to our specific
needs.

Querying

Querying an RDF graph is the primary method for searching, exploring, and extracting information from the underlying
RDF data.' For querying our data, we use SparQL, which is the standard language for querying RDF data. SparQL queries
consist of three different parts: the pattern matching part, which includes various features of graph pattern matching,
such as optional parts, the union of patterns, or nesting; the solution modifiers, which allow modifying the query results
by applying operators like projection, distinct, or limit; and the output, which can be in different forms, such as yes/no
or a selection of values.® To perform SparQL queries, SANSA implements Sparklify, a scalable software component for
efficient evaluation of SparQL queries over distributed RDF datasets. It uses a SparQL-to-SQL rewriter to translate SparQL
queries into Spark executable code.®® Thus, our metrics are developed in the form of SparQL queries, which are executed
over the RDF graph created. The use of our ontology, along with the SANSA framework and SparQL queries, enables
metric interoperability, satisfying R3. To select the metrics to implement, we focused on replicating metrics from the
current state of the art in GBA. For this purpose, we used the selection of papers from a previous systematic literature
review in the GBA area,> carefully reviewing each paper and selecting the described metrics. We excluded calculations
over data that involved ML, deep learning (DL), and similar models/algorithms, as our focus was on metrics described in
the literature.

3.2.3 | Metrics output

When querying in SANSA, SparQL takes the description as a query and returns that information as a set of bindings or
an RDF graph. In our framework, we extended this functionality, providing three different output formats:

« Text formatting: Query results are transformed into a text readable format, which can be stored as a text file or shown
via the console output.
« CSV formatting: Query results are transformed into CSV format.

« Database store: Query results are saved into a MySQL database, which enables metric persistence for later retrieval
from different applications.

3.2.4 | Authentication and authorization

We have implemented both authentication and authorization processes in our framework, addressing the issues presented
in R5. Authentication is the process of identifying an entity (users) and is a prerequisite for authorization. Authorization,
or access control, is the process of determining whether an entity (a device or a user) can access specific resources.5’
Specifically, we have implemented RBAC using the functionalities of the play framework.%® This allows us to restrict access
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to specific resources based on the user’s role. In our framework, each user can log in to the system using a username and
password, and a user can have one of the following three roles:

« Admin role. Users with this role can access the entire system. They have the ability to add or remove new users, insert
new GBA data, and query metrics from any game and group.

+ Instructor role. Instructors can insert new GBA data and query metrics from games and groups in which they
participate.

« Learner role. Learners are only allowed to query their own metric results.

This way, we restrict access to different groups and games data to ensure that only appropriate users can have access.
To make that possible, the system keeps a record of the games and groups related to each user (which will be the ones to
which the user has access).

3.2.5 | Service API

Our service API has been developed using play framework. This scala-based solution offers an HTTP-focused framework
with numerous helpers to accelerate development, resulting in shorter iterations and faster deployments. The API sup-
ports two types of calls: retrieval calls, represented by HTTP GET methods (typically used to retrieve data from a server
at the specified resource), and insertion calls, represented by HTTP POST methods (used to send data to the API server
to create or update a resource).

Specifically, GET methods allow users to access metrics data. Generally, these methods have the following route
pattern: /api/metricName/game/group/user. By specifying the name of the metric, game, group, or user, the cor-
responding data can be accessed. Before each call, the authorization and authentication module checks that the user
authenticated has the appropriate permissions to access the requested resource. On the other hand, POST methods enable
users to insert data related to new users (if the user has an admin role), games, and GBA data. All information should be
sent in JSON format using the body of the HTTP POST method. Moreover, when inserting data, we have implemented
two different possibilities (calls), each one thought for a different purpose:

+ /api/event/addall: This call has been designed to process whole datasets containing a large number of events.
The system will process the dataset provided as soon as possible.

+ /api/event/add: This call has been designed for streaming-oriented systems (e.g., students are playing the game in
the classroom, and the system sends log data in real-time). Thus, the events will be sent individually; the system will
save each event and process the whole dataset periodically.

To ensure that the system only processes new data, each time a dataset is received, the system checks the number of
events associated with each user. Only users with new events will be considered for further processing.

APIs expose data and services that consumers want to use. An API should be designed with an interface the con-
sumer can understand, and API documentation is key to the app developers comprehending the API. For documenting
our API, we have used Swagger,” one of the most popular API documentation frameworks. It provides a standard,
language-agnostic way of defining a REST APl interface, allowing the client to understand the capabilities of the REST ser-
vice without any prior access to the service implementation code or network inspection.” The complete API specification
in Swagger can be found in Reference 59. This fulfills the requirements presented in R4.

4 | PERFORMANCE EVALUATION AND CASE STUDY VALIDATION
41 | GBA selected metrics
As previously mentioned, we thoroughly reviewed a previous systematic literature review on GBA>® to identify and repli-

cate metrics implemented in previous studies. After reviewing all the metrics, we selected the following six groups of
metrics:
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« Levels of activity: This metric is computed for each game, group, and user. It includes straightforward metrics to
compute based on a feature engineering process, such as the active time, inactive time, number of events, and the
number of distinct types of events.

« Persistence indicators: This metric is computed for each game, group, and user. It includes the total amount of time
spent in units (levels), the number of units completed, and the maximum time spent in a single unit.

« Action indicators: This metric is computed for each game, group, and user. It includes the total amount of time spent
in the game and the frequency of events (number of events/total time).

« Event types: This metric is computed for each user and game, and it includes the number of events of each user
grouped by event type (e.g., “Complete,” “Retry,” or “Interaction”). In addition, this metric group also includes the
interaction level, defined as interaction events divided by the sum of the rest of the events.

« Funnel by user: This metric is computed for each game, group, and user. It includes the percentage of units started,
the percentage of units interacted with, and the percentage of units completed by the user. This funnel provides a quick
overview of each user and the game’s current status and progress.

+ User performance: This metric is computed for each game, group, and user. It includes the percentage of success
(defined as the number of units completed divided by the number of units started) and the maximum unit reached by
the player.

These metrics have been implemented in our framework using SparQL queries. They are later used to test the system’s
performance and serve as an example in our use case validation.

4.2 | Performance evaluation

In our performance evaluation, we evaluate the impact of our framework computation and analyze our approach’s scal-
ability when the dataset size increases. Specifically, we focus on examining the flexibility (how quickly our approach
processes different types of metrics) and scalability (how well our framework scales with larger RDF datasets). In the
following subsections, we present the server configuration settings, the datasets used, and our findings.

4.2.1 | Experimental setup

For our experiments, we aimed to test our framework with real data. Therefore, we selected a diverse set of SGs from
various knowledge domains to evaluate the interoperability of our approach. Field Day”! is a research lab at the Wisconsin
Center for Education Research, University of Wisconsin-Madison, that designs learning games and makes their game
data publicly available. From this open game data, we selected five different SGs to use their data and test the capabilities
of our framework.

Aswe see in Table 2, each one of these datasets contains a total of 2M game events derived from real players’ interaction
with the games. To test the system’s scalability when increasing the size of the dataset, we partitioned each dataset into
smaller parts to have 100k, 250k, 500k, and 1M events datasets. The number of triples in our experiments varies from 1.6
to 34.8M, depending on the game and the dataset size.

TABLE 2 Dataset sizes.

Game Size (GB) # of triples
Crystal 2.98 34,500,365
Balloon 2.87 32,665,037
Cycle carbon 2.93 33,973,329
Magnet 2.76 31,249,623
Waves 3.01 34,780,117
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We implemented our approach using Python 3.8, Spark-3.0.1, Scala 2.12.11, Java 11, and all the data were stored on
an HDFS cluster using Hadoop 2.10.2. All experiments were conducted on a cluster of six nodes: one master and five
workers. The cluster had a total of 36 cores (six cores per worker), 112 GB RAM (32 GB for the server node, 16 GB for
each worker), and 3 TB SSD storage with a speed of 12 GB/s.

4.2.2 | Performance results

We evaluate our approach using the experimental setup described in the previous section and the metrics described in
Section 4.1. We assessed the runtime of our distributed framework throughout the entire pipeline, from processing the
raw events to calculating the metrics using SparQL queries. We ran experiments on five different sizes to measure the
performance of size-up scalability. Since the ontology data processing stage is run locally, we did not include this as part
of the node scalability performance evaluation. The average execution time of this stage is shown in Table 3. Then, to
measure the performance of node scalability, we run experiments using one to five worker nodes on each of the five
dataset sizes. Since we selected data from five games, we executed each experiment using those five datasets. The average
execution time is presented in Table 4 and Figure 4.

In Table 4, we highlight the best execution time for each dataset size and stage/query in green. As we can see, the
inference time benefits from increasing the number of workers as the dataset size increases. In fact, we see that the best
execution time for 100k events is given by using two workers; meanwhile, the best execution time for 2M events is given
by using five workers. Regarding the different metrics, querying the RDF triples also benefits from increasing the number
of workers. However, in most cases, the best performance is achieved using four workers, except for some specific metrics
with 1 and 2M events, which show better performance using five workers. In addition, we also see that the one worker
cluster fails to process the 2M events dataset due to working memory errors.

As we can observe in Figure 5, the execution time grows linearly when the size of the datasets increases, demon-
strating the scalability of our approach when using three or more workers. Furthermore, the query execution time
varies depending on the metric being computed. For instance, with a dataset of 2M events, the framework can com-
pute the “action indicators” metric in an average of 13.6 s, while the “event types” metric takes an average of 203.8 s
to calculate. This discrepancy is due to the different SparQL queries designed for each metric, as they involve differ-
ent types of operations. Taking the same example as before, the “action indicators” metric uses simple filtering and
aggregation operations. In contrast, the “event types” metric uses several join operations, significantly increasing the
computational cost.

The total execution time for each experiment is shown in Figure 4. When using smaller datasets, we can see that the
performance improvement when using more workers could be more remarkable. However, with four and five workers,
performance slightly decreases. For instance, when computing a 100k events file, the average execution time increases
from 180.6 s using two workers to 199.8 s using five workers. With larger datasets (1 and 2M events), there is a perfor-
mance improvement when using three and four workers, but the impact of using five workers is not significant. For the
1M events experiments, we obtain an average execution time of 1047.8 s using four workers and an average of 1070.6
s using five workers. When computing 2M events, if we compare the two workers configuration and the four work-
ers configuration, the average execution time is 69% lower using four workers. With these results, combined with the
fact that most of the lowest query execution times were given by the four workers cluster, we can affirm that using
this configuration is the best option to obtain better performance and save the resources required by an additional
worker node.

TABLE 3 Ontology data processing execution time.

# Events Ontology data processing time (s) (mean)
100k 80.2

250k 271

500k 762.4

1M 2112.8

2M 4017
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TABLE 4 Performance analysis on large-scale GBA datasets.
Runtime (s) (mean)
Levels of Activity Event Funnelby User
#Events # Workers Inference activity Persistence indicators types user performance
100k 1 92 20 16.2 8.2 51.6 22.4 10.6
3 86.4 15 10.6 6 41.6 16.8 7.2
4 97.4
5 103.2
250k 1 287.4 27.4 20.8 11.6 71.8 34.6 14.8
2 216.8 16.6 12.4 7.2 49.6 26 9.6
5 248 17.6 12.6 7 44.6 29.8 8.6
500k 1 744.8 37.8 26 13.2 110 50 21.2
3 41.2 10
‘ s (NG
5 433.8 23.2 13.2 10.6 57.6 43 9.8
1M 1 1249.8 60 334 19.2 218 78.6 30.8
2 902.2 38 20 14.2 151 47.8 16
3
4
5
2M 1
2 2803 63.8 33.2 16.4 231.6 140.6 25.6
3 1940.6 55.8 28.2 14.8 218.6 132.2 22
4
5
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60
£
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£
c 40
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Q
s
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FIGURE 4 Size and worker scalability analysis.
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FIGURE 5 Scalability analysis. (A) Inference execution time per number of events and workers. (B) Metric execution time per number
of events and workers.

4.3 | Case study validation

In this section, we present a case study with two use cases to exemplify how our framework and metrics can be applied
in a real context. First, we conducted a use case by designing and implementing a dashboard that utilizes the analyzed
and transformed data in the form of metrics, which can be consumed through visualizations. Second, we implemented a
learner report system that enables instructors to easily track their learners’ progress over time. The use cases performed
show how, using the API, we provide a straightforward interface that can be used from almost any device, meeting R4
and using the results from meeting the rest of Requirements.

4.3.1 | Use case: Dashboard

In this first use case, we introduce a visualization dashboard system that leverages the data analyzed and transformed
into metrics by our framework. This dashboard utilizes specific API calls to input new data into the system or retrieve
existing metrics from different games and groups. It enables (1) instructors to monitor learners’ interactions with games,
adapting their interventions based on these insights or using the metrics for formative evaluation, and (2) learners to
track their own game-related activity. The dashboard aligns with the different roles defined within the framework. We
developed the dashboard using the Shiny framework in R and deployed it on the ShinyApps web server.

In Figure 6, we can see the dashboard running live on the ShinyApps server. Users can log into the system using a
username and a password. Each user will have different permissions and functionalities depending on the credentials
used, complying with R5. For example, instructors and administrators can upload new GBA data in the “file upload” tab.
Users can also navigate through the available tabs to upload new data or query the different metric results calculated.

Finally, we can see how the dashboard fully benefits the interoperability between games and metrics. The user can use
selection boxes to choose between games and groups, and also between users depending on the granularity of the metric.
That way, when a game is selected among the available options, the system loads the existing groups for that specific game
in the corresponding selection box. When a group is selected, the system loads the existing users for that specific group.
Once all the selection boxes for that metric tab are filled with a choice, the system queries the necessary information and
represents it using interactive visualizations, as shown in Figure 6A,B.

4.3.2 | Use case: Reports
This second use case consists of a learner report summarizing the learners’ progress using different games. The report

is automatically generated using RMarkdown and outputs a PDF or HTML file that is sent to instructors periodically
(the frequency in which the reports are generated can be adjusted in the system). Regarding the connection with the
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FIGURE 6 Screenshots of the dashboard developed. (A) Game and group selection box in funnel by puzzle metric. (B) Game, group
and user selection box in levels of activity metric.

framework, our report system uses specific query API calls, and the retrieved results are then employed to build the
different parts of the report. For this specific example, we selected an instructor that has access to two different games:
EARTHQUAKE and MAGNET, and specifically to the “MainGroup” data of each game. Some examples of information
that these reports include are shown in Figure 7. Specifically, in Figure 7A we can see the first part of the report. Here, we
see a group summary for each game, including some key metrics such as the total active time in seconds, the total number
of units started, the total number of units completed, or the units that have been more problematic for learners. Then, in
Figure 7B, we can see an individual report for each learner, also showing similar key metrics; and finally, in Figure 7C,
a plot showing the learners’ persistence. In this plot, each bubble represents a different learner, the x-axis represents
the number of attempted units, and the size of each bubble represents the number of completed units. Moreover, the
y-axis represents the average persistence percentile, so more persistent learners will be at the top of the plot. This report
provides an easy way to monitor groups and learners while playing different games, allowing instructors to perform quick
assessments based on different metrics calculated automatically using learners’ data.

5 | DISCUSSION

SGs are considered practical tools in multiple domains. In particular, it is believed that its use for assessment (GBA) will be
an increasing part of testing programs in future generations. This is due to their promising possibilities for more valid and
reliable measurement of learners’ skills compared to traditional assessment methods, such as paper-and-pencil tests.”?
However, the time and cost-intensive process of developing digital learning or assessment environments restricts the
practical implementation of GBAs. Furthermore, the limited interoperability of assessment and tracking systems across
different platforms presents a critical constraint in this area.”®> Our approach addresses these limitations by developing a
framework that incorporates an intermediate semantic layer to enable interoperable GBAs. By utilizing an ontology as a
common knowledge model, our framework can integrate log events from diverse games into a unified data model. This,
combined with the use of interoperable RDF metrics, promotes standardization in the field and facilitates the utilization
of numerous games, each designed for specific purposes, knowledge domains, and target participants.

Another known constraint in the area is the use of small data sample sizes. Generally, sample sizes used in GBA studies
are pretty limited in size, resulting in low statistical power and a reduced chance of detecting actual effects.’>’* Although
collecting large samples of in-context data is a challenging task,>® future research should use larger data samples in order
to improve the results generalization and validity. This would also enable the use of more complex techniques, such
as neural networks, which often require large amounts of data to outperform other models. Our contribution involves
leveraging big data technologies to efficiently process large quantities of GBA data. Using a cluster of four worker nodes,
our framework can process 2M events (including the computation of the six different metrics) in an average of 6434 s
(107.2 min). We estimated that each user produces approximately 512 game events/hour based on fifteen different datasets
from our experiments. Considering a classroom of 25 learners using a game for one hour/week, it would result in 51,200
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GBA Ontology Framework Report

This report has been generated automatically for instructor with username: teachert

General student report

T report includes MainGroup from the game EARTHQUAKE and MainGroup from the game MAGNET. This section provides a general overview of users’ progress in selected games.

Group summary General performance

This has been the performance of each group for the selected games: Summary for each user.
Summary for ach group, AvgActive  Total Total Total
Avg Active Time Total Active AvgEventsBy Total TotalUnits  Total Units Most Difficult TimeBy  Active lInactive AvgEvents = Total  Units  TotalUnits  Total
came Group oy Attammt Time Atomet Events | Started  Completed Uit Game User Attempt  Time Time ByAttempt Events Started Completed  Time
EARTHQUAKE MainGroup i0se2055 219825 21954315 4325 ass 16 EARTHQUAKE- EARTHQUAKE 21050212144374524 127.9285 255857  113.085 215 43 2 0 368892
EARTHQUAKE 21050408083960244 792530 158506  124.032 180 36 2 0 282538
MAGNET MainGroup 3469733 157005.42 8.273149 37436 5935 3318 MAGNET-58
EARTHQUAKE 21050410373924384 61.8830 61883  79.698 0 3 1 0 141581
;g:/e)a:rr;.game, the units that could be problematic (abandoned percentage > EARTHQUAKE 21060113472500124 104980  10.499 0.000 10 1 2 0 10499
o) are:
EARTHQUAKE 21070005462090520 151.8510  151.851  40.175 50 50 1 0 192026
Game unit Percentage Abandoned
ARTHOUAKE ARTHOUAKE-18 1000000 EARTHQUAKE 21070008000370016 83100 8310 0.000 10 1 1 o 8310
EARTHQUAKE EARTHQUAKE-19 1000000 EARTHQUAKE 21070008572818384 101.0890 101.099  308.638 360 36 1 0 409737
EARTHQUAKE EARTHQUAKE-36 76.4706 EARTHQUAKE 21070009344713380 770570 77.057 0.000 50 5 1 o 77057
FARTHAUAKE FARTHOUAKE 47 1000000 EARTHQUAKE 21070012163629812 637750 63775  184.488 150 15 1 0 248263
EARTHQUAKE EARTHQUAKE-6 100.0000
EARTHQUAKE 21070012553624696 506720 50672 0.000 80 8 1 0 50672
MAGNET VAGNET0 100.0000
The persistence summary for each one of the games has been:
Persistence plot for MAGNET
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Note that the size of each bubble represents the number of completed units for each user.
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FIGURE 7 Learners report screenshots. (A) Group summary. (B) General student report. (C) General learners report.

events per class and month. This implies that our framework can process data from approximately 39 full classrooms
for an entire month in just 107.2 min. Additionally, our approach supports streaming data, as log events are received
individually, allowing for real-time processing and just-in-time feedback. Since only new events are considered in each
processing iteration, the data size processed is significantly reduced.

In-game metrics are necessary and essential, but we have to choose the most appropriate ones depending on each
project. The most used metrics everywhere in any platform are performance metrics.”” However, beyond performance,
we can obtain further insights from the analysis of learner-generated information. Actions and behaviors should be
convertible into metrics to identify learners’ individual characteristics (including behaviors, performance, or skills) and
learner-generated game data (e.g., time spent, goals, tasks completed).’>76 After reviewing previous GBA literature, we
found a set of commonly used metrics to replicate in our system. As mentioned earlier, one challenge is that these metrics
and indicators are typically designed and developed specifically for each game. In this study, we have successfully repli-
cated and integrated all of these previously established metrics into our framework, showing the interoperability between
different games and excellent performance using large-scale datasets. For example, the “levels of activity” metric takes an
average of 51.8 s to compute using 2M events, and the metric “user performance” takes an average of only 16.8 s using the
same number of events. This achievement is made possible through the querying module, which translates SparQL code
into Spark executable code, enabling the creation of interoperable metrics that measure not only performance-related
characteristics but also other types of skills and behaviors. For example, we could apply clustering techniques to identify
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distinct student behaviors by utilizing SparQL code to collect student features, followed by employing the ML module
provided by SANSA.

Typically, GBA systems develop their own interfaces to interact with external data sources. In our system, we have
integrated a service API, which allows for easy insertion and retrieval of data, facilitating the interaction of various sources
with our framework. One of the main advantages of our approach is its simplicity and ease of use. By integrating the API,
users can easily build applications that connect to the framework and access its capabilities. This approach offers a number
of benefits, including the ability to scale the service to meet the demands of a large number of users, the ability to easily
update and maintain the service, and the ability to offer a seamless user experience across different devices. Overall, the
integration of an API into a framework is a key enabler for the GBAaaS paradigm and offers a number of advantages for
both GBA researchers and users. One potential limitation is the risk of external users accessing confidential information.
To address this concern, we have developed an authorization and authentication module that controls access to each
resource, ensuring maximum user data privacy.

This work also has some limitations: first, although we have defined an ontology with terms and concepts that
almost any log data from the area should have, there is still a manual process of adapting the GBA data to our ontol-
ogy to meet the input’s requirements. Future researchers could take into account the ontology in the collected data
design to skip this manual step. Second, the ontology processing data stage is run locally, which does not allow to take
full advantage of the possibilities and performance that distributed-systems have. In addition, our framework (with the
current configuration described in Section 4.2.1) cannot compute datasets with more than 3M events in a single batch
due to working memory limitations. However, the system can solve this increasing resources or by splitting those files
into smaller chunks and processing them sequentially. Finally, the system supports ML techniques but does not sup-
port more complex methods, such as knowledge inference or DL, which are also common in the GBA field.>? Using
these methods could help infer more helpful information from learners’ data and improve the results’ validity and
reliability.

6 | CONCLUSIONS AND FUTURE WORK

This research aimed to create a robust novel framework for enabling GBAaaS using ontologies and big data technologies.
Moreover, we demonstrated its capabilities by replicating existing metrics in GBA literature and conducting a case study
with two use cases to show how external users can consume the system as a service. We also conducted a performance
evaluation using different cluster configurations, concluding that using a cluster of one master node and four worker
nodes was the best option in terms of resource management and performance. This cluster configuration was capable of
processing 2M user events (approximately the size of 39 classrooms using a game for one hour/week for one month) in
an average of 107.2 min.

As part of our future work, we want to validate our approach by conducting case studies in which the framework
will be used in real-time, collecting data from learners and instructors, and validating the data streaming functionality
implemented. Moreover, we would like to continue developing new GBA metrics that could use more advanced tech-
niques, such as ML algorithms. Additionally, DL models could also be developed to test their predictive performance for
inferring students’ knowledge using existing data. Despite all the benefits that the application of ML and DL could have,
most non-technical users perceive them as “black boxes.” In this regard, future work should address the use of eXplain-
able Artificial Intelligence (XAI) approaches, enabling non-technical users (such as teachers) to interpret Al-generated
insights and recommendations, empowering them to make informed decisions. Finally, we plan to integrate the ontology
data processing stage (which is currently running locally) into the distributed environment to take full advantage of the
cluster capabilities and obtain even better performance results. Future work could also address the deployment of the
service in the cloud. Data and applications hosted on the cloud allow businesses to be more responsive and adaptable,
becoming more efficient, strategic, and insight-driven.”” Additionally, the use of fog computing could also be introduced
in our platform, extending cloud computing due to its low latency, energy efficiency and the reduction in bandwidth
required for data transport.”’

This research contributes significantly to the current state of the art, including a completely novel framework that
enables interoperable GBAs using large-scale data, privacy management, and easy interaction from external sources. We
expect our contributions to solve current limitations regarding GBA interoperability, reducing the cost and effort that
designing and performing specific GBAs have and allowing the deployment of GBAaaS.
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ABSTRACT

In recent years, serious games (SGs) have emerged as a powerful tool in education by combining pedagogy and entertainment,

facilitating the acquisition of knowledge and skills in engaging environments. SGs enable the collection of valuable interaction

data from students, allowing for the analysis of student performance, with artificial intelligence (AI) playing a key role in pro-
cessing this data to make informed inferences about their knowledge and skills. However, the lack of explainability in AT models

represents a significant challenge. This research aims to develop an interpretable model for predicting students' performance in

real-time while playing an SG by: (1) calculating the performance of an interpretable prediction model of task completion in an

SG and (2) demonstrating the application of the interpretable model for just-in-time (JIT) classroom interventions. Our results

show that we are able to predict students’ task completion in real-time with a balanced accuracy result of 77.21% after a short play-

time has elapsed. In addition, an explainable artificial intelligence (XAI) approach has been applied to ensure the interpretability

of the developed models. This approach supports personalised learning experiences, unlocks AI benefits for non-technical users,

and maintains transparency in education.

1 | Introduction

In recent years, the use of games in educational contexts has sig-
nificantly increased. Digital games provide an additional way
for students to develop cognitive, spatial, and motor skills; help
improve information and communication technology knowl-
edge; teach complex problem-solving; and increase creativ-
ity, all while addressing topics that might be perceived as too
complicated in a traditional classroom setting (Papanastasiou
et al. 2017). Specifically, the potential of serious games (SGs)—
games that do not have entertainment, enjoyment, or fun as their
main purpose (Laamarti, Eid, and El Saddik 2014)—is particu-
larly relevant, as they offer a unique blend of entertainment and

pedagogy. SGs can provide an excellent context that not only fa-
cilitates the acquisition and assessment of knowledge and skills
but also allows for a detailed examination of environments free
from the usual constraints of time and space (Bellotti, Berta,
and De Gloria 2010). In the field of education, there is significant
enthusiasm surrounding game-based assessment (GBA) due to
the apparent limitations of conventional assessment methods in
capturing students' knowledge, skills, and attributes (de Klerk
and Kato 2017).

One of the key benefits of utilising SGs in educational settings
is the wealth of data that can be collected from these interactive
experiences, providing a great opportunity to make inferences

© 2025 John Wiley & Sons Ltd.
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and assessments in ways that are not possible in traditional
testing (Gomez, Ruipérez-Valiente, and Clemente 2023). The
scope of the collected data can range from measuring individ-
ual skills at a granular level to evaluating attitudes at a larger
scale. Moreover, the collected data can be intentionally designed
to assess various aspects, such as knowledge, attitudes, skills,
or behaviour (Smith, Blackmore, and Nesbitt 2015). Data from
SGs can also be used by teachers to provide targeted assistance
and support to students precisely when they need it. Specifically,
just-in-time (JIT) instruction occurs when information, skill
demonstration, or other necessary instruction is delivered on
the spot at the time it is required, ensuring that information
is available for immediate application in the relevant context
(Anderson and Wood 2009).

The use of SGs in education does not necessarily imply teacher
disengagement from teaching. Like any other learning situation,
students require the guidance of their teachers during game-
play. It is the teacher's responsibility to ensure that all students
are progressing through the game and successfully achieving
both the game goals and the learning objectives (Bado 2022).
However, monitoring students in real-time poses challenges that
encompass several key aspects educators face in educational en-
vironments, such as conducting meaningful data analysis and
identifying when and how to intervene based on the collected
data. The use of artificial intelligence (AI) can support teachers
in this task. In particular, monitoring students’ performance in
SGs generates a substantial amount of information that needs
to be processed, and Machine Learning (ML) models can han-
dle this data and identify patterns that allow us to recognise
behaviours (Marin-Morales et al. 2021). That being said, the ma-
jority of existing research focuses on post hoc analyses or pre-
dicting overall student performance after finishing the game.
Few studies have attempted to provide real-time insights that
could inform JIT interventions.

Although ML models have demonstrated strong predictive ca-
pabilities in educational contexts, explainability remains an
inherent problem of the latest techniques (e.g., ensembles or
Deep Neural Networks) (Arrieta et al. 2020), and the increas-
ing utilisation of ML models has led to a growing demand for
transparency in Al (Preece et al. 2018). In this sense, explain-
able AI (XAI) proposes creating a suite of techniques that
produce more explainable models while maintaining high per-
formance. This enables end users to understand, appropriately
trust, and effectively manage the emerging generation of Al
models (Gunning 2017). In this way, XAI tools empower non-
technical users (such as teachers) to interpret AI-generated in-
sights and recommendations, enabling them to make informed
decisions. Yet, there is a clear gap in research focusing on the
combination of real-time predictive models and XAIin SGs. To
the best of our knowledge, no previous studies have explored
how interpretable models can be used to deliver JIT interven-
tions during gameplay by predicting students’ performance.

In this research, we aim to address these gaps by building an
explainable model capable of predicting students’ level outcomes
in real-time while playing an SG. With this purpose in mind, we
design a set of features derived from students' interaction with
Shadowspect, a game designed as a formative assessment tool
to assess mathematical content standards. Using these features,

we build a set of ML models that aim to predict the students' per-
formance in real-time while ensuring that the models remain
explainable. Unlike previous studies that have mainly focused
on post-game performance predictions, our work makes early
predictions during gameplay. In addition, we make results ex-
plainable and immediately applicable to JIT interventions. This
real-time, interpretable feedback is a key contribution, as it en-
ables educators to intervene promptly based on students’ prog-
ress. Specifically, we have the following objectives:

1. Configure and evaluate interpretable models of
task completion at different time windows in an
SG. We aim to assess the model's performance by meas-
uring its predictive accuracy and evaluating its ability to
anticipate students' progress within the game environ-
ment. Furthermore, we will address the interpretability
of the AI models to ensure that end users can interpret
the results.

2. Demonstrate the application of the interpretable
model for JIT classroom interventions. Our final
objective is to showcase the practical application of the
interpretable prediction model for real-time classroom in-
terventions. We will conduct a use case that illustrates how
our model can be applied in a real scenario.

The rest of the paper is structured as follows: Section 2 reviews
background literature on SGs and assessment, AI models and
XALI. Section 3 describes the methodology followed to conduct the
research, as well as the game and the data collection used. Next,
Section 4 presents the results, including the models developed,
their interpretability analysis, and finally the case study con-
ducted. Then, we finalise the paper with a discussion in Section 5
and conclusions and future work in Section 6.

2 | Related Work

The concept of games dates back to ancient civilisations and is
recognised as a fundamental aspect of human societies through-
out history (Laamarti, Eid, and El Saddik 2014). In particular,
the versatility and adaptability of SGs make them a valuable
tool across various contexts and domains. First of all, SGs have
gained significant popularity in educational settings. For exam-
ple, Ruiperez-Valiente et al. (2020) used “The Radix Endeavor”
(an inquiry-based online game for STEM learning) in K-12 class-
rooms as part of a pilot study conducted in numerous schools.
Additionally, SGs have also been proposed as a potential method
for employee selection by improving the user experience, and
the use of games in the workplace is a growing phenomenon,
with SGs being increasingly used as evaluative tools (Al Qallawi
and Raghavan 2022). Larson (2020) conducted a literature re-
view on SGs and gamification in corporate environments,
finding that the use of SGs is becoming increasingly prevalent.
Moreover, SGs have been considered positive and innovative
solutions for addressing contemporary issues in organisations,
including meeting the needs of modern learners within the cor-
porate context. In healthcare, SGs, particularly adventure and
shooter games, play an important role in education, prevention
and rehabilitation (Wiemeyer and Kliem 2012). In this regard,
one of the most challenging areas is modelling simulations for
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medical training. ‘CancerSpace’, developed by the National
Cancer Institute and Oak Ridge Institute for Science and
Education, is an SG that aims to facilitate cancer screening and
consequently increases cancer-screening rates in federally qual-
ified health centres (Swarz et al. 2010).

Moreover, predicting students’ performance in educational
environments has gained considerable attention due to its
potential to transform educational practices and enhance
learning outcomes. Rastrollo-Guerrero, Gémez-Pulido, and
Duran-Dominguez (2020) conducted a literature review of 70
papers to examine techniques and objectives for predicting
students’ performance, noting a strong tendency to focus on
university-level predictions (around 70% of the analysed arti-
cles). However, the authors also highlighted the need to apply
these predictions at the school level, which would help identify
low-performing students at earlier ages. Regarding SGs, there
have been several studies attempting to analyse students’ data to
predict their performance. For example, research presented by
Illanas Vila et al. (2013) aimed to predict students’ performance
in translating foreign languages by collecting data from 55 stu-
dents in an SG and building neural network models. Although
the results obtained were positive, the authors acknowledged
certain limitations, such as the potential bias in their data set.
Additionally, Kickmeier-Rust (2018) conducted a simulated
study based on existing datasets using a multidimensional do-
main and learner models to add information about the nature of
a learning domain. Furthermore, Abeyrathna et al. (2019) built
a multi-label classifier using in-game data and player informa-
tion to predict student proficiency in a quantum cryptography
SG. More recent work by Hooshyar et al. (2023) attempted to
predict early student performance using only 50% of learners'
action sequences, achieving a relative error of less than 8%.
Finally, other studies have used ML models to analyse students’
interactions and predict their performance using in-game data
(Yuhana et al. 2017; Loh, Sheng, and Li 2015; Lee et al. 2023;
Alonso-Fernadndez et al. 2020). However, while these studies fo-
cused on performance prediction, none have demonstrated how
to make their results explainable or immediately applicable to
JIT interventions.

There are many institutions already using AI technologies to
shape and plan the delivery of education (Zawacki-Richter
et al. 2019). The use of AI has become a focal point for inno-
vation and competitive advantage, with applications anticipated
in areas such as learner profiling, intelligent tutoring systems,
assessment, and personalised learning (Farrow 2023). XAI
emerges to address the ‘black box’ perception non-technical
users often have about AI, which can seem ‘humanly inexpli-
cable’. As Al becomes more prevalent in education, XAI should
help educators and learners understand the algorithms that
influence the learning process. Previous research has exam-
ined the use of XAl in educational contexts. For example, Tao
et al. (2020) presented an explainable multi-view game cheating
detection framework driven by XAI.

Regarding the use of XAI for predicting student performance,
Chitti, Chitti, and Jayabalan (2020) noted that the prediction
models generated are often complex and not interpretable, mak-
ing it difficult to understand why and how predictions are made
based on the results. Thus, model interpretability has become

increasingly important. Alamri and Alharbi (2021) conducted
a literature review investigating explainable models for predict-
ing student performance from 2015 to 2020. Their findings re-
vealed that the predictors used to train these models primarily
consisted of a combination of socio-economic features and pre-
course performance features. However, the review also high-
lighted that the potential of utilising e-learning analytics data
as a source for explainable student performance models has not
been fully explored. Nevertheless, we found some studies that
used XAI to create interpretable student performance models.
For example, Jang et al. (2022) applied several ML models to pre-
dict performance and verify whether at-risk students could be
identified using selected features, providing helpful information
to each student through XAI techniques. Regarding SGs, Berger
and Miiller (2021) designed a rule-based, short-term decision-
making algorithm that reports game progress, demonstrating its
suitability for creating adaptive SGs.

Table 1 provides a detailed comparison of previous studies on
student performance prediction and XAI applications in SGs.
Our research stands out from existing literature on predicting
student performance in SGs by addressing two crucial aspects:
real-time prediction and model explainability. Although Berger
and Miiller (2021) also tackled model interpretability and real-
time prediction, their approach was entirely different, as they
developed a rule-based model to predict in-game progress for
adaptive SGs. In contrast, our work focuses on predicting stu-
dent performance using ML models, with an emphasis on inter-
preting those predictions in real-time.

As observed, previous studies have attempted to forecast stu-
dent performance in games, but these predictions have typi-
cally been made after the completion of the activity or game.
Our research aims to push the boundaries by making real-
time predictions using in-game data. By incorporating XAI
techniques, we aim to shed light on the underlying factors and
decision-making processes influencing student performance
predictions.

3 | Methodology

Next, we present the SG Shadowspect along with our data col-
lection in Section 3.1, followed by a detailed description of the
complete process used to conduct the study in Section 3.2.

3.1 | Context and Dataset

In our research, we utilised Shadowspect, a 3D geometry game
specifically designed to evaluate math core standards, including
the visualisation of relationships between 2D and 3D objects.
This allows teachers to integrate it into their core math curric-
ulum. The game enables students to create composite figures
using primitive shapes (e.g., pyramids, cones) and silhouettes
from different perspectives. Players can manipulate shapes,
change perspectives, and receive feedback on how well they
match the silhouettes. An example of a puzzle being solved is
shown in Figure 1. The current version of the game consists
of 30 levels, divided into nine tutorial, nine intermediate and
12 advanced levels. While the tutorial levels focus on teaching

3of 14

107

851801 SUOWIWIOD 311D 3|qedl|dde 8y Aq pauienob 88 Sappile WO !N J0 S3nu 10} Akeiq 18Ul UO AB]IM UO (SUOHIPUOO-PUE-SLLBILIOD A 1M ARed 1 )BU1IUO//SHNY) SUORIPUOD PUe SW L 34} 88S *[5202/60/92] Uo AkiqiTaulluo AB|IM einiN 8Q PepSRAIIN AG 8000L ASX/TTTT 0T/I0pW00 A8 1M AReiq1jeul|uo//Sdiy wo papeojumod ‘€ 'S20Z ‘68089 T



14680394, 2025, 3, Downloaded from https://onlinelibrary.wiley.com/doi/10.1111/exsy.70008 by Universidad De Murcia, Wiley Online Library on [26/03/2025]. See the Terms and Conditions (https://onlinelibrary.wiley.com/terms-and-conditions) on Wiley Online Library for rules of use; OA articles are governed by the applicable Creative Commons License

X

,

X

(443

08

LTCT

LTy

091

6S¢

29

0ST

16

S

Bjep dwres-ug
BJRp Swed-ug
Bjep Swreg-ug
saInjesy oured-uj
ejep 1oAed pue
SIamMSUR swres-uy
BJRp Sweg-ug
Bjep Swres-ug
e1ep 10Aed
pue swesd-ug

sarousjadwod e

Bjep owes-ug

S[OpPOW TI UIASS

wyiLIoSe paseq-any

uorssa1391 o1IsI30] ‘sakeq
JAIRU ‘S991) UOISIO_d(J

[opout (1) Surures doop
Quo ‘spppouwr T WS1g

IQIJISSE[O paseq-o[ni
QU0 ‘S[opOUI TIAl QAL
S[opow TIA USASS
SISA[eU® JURUIWILIOSIP
sorenbs }se9[ [eNIIR]
suiyoew 103094 310ddng

[opowx ﬁoﬁwmwuwwu Jeaurl]

SI0MIU [RINAN

QwIr}-[ear ur ddueuLIoyad
[oA91-3uapnys Sunorpaid

sOg aandepe 10y
ssa13oid sureS-ur Sunorpaig

SJINsa1 Js23-1s0d se UdAI3
a3pamouy| Juapnjs Sunorpaid

sagde)s A[1es je sourwrioyrad
Juapn)s Junorpaid

SIS Yjew ur soueurioyrad
juapn)s SunorpaId

$9100s a3pa[mouy yrew
3sansod juepnys Sunorpaid

SQOURIRJJIP QoueMLIOfIod
do1A0u-)19dxd SUnOIpaId

Aydei3oydA1o wnjuenb ur
Kouarorjoad Juapniys Sunorpaid

SOLIBUQDS paseq-awred ur
douewrioyrad juapnis Sunorpaid

sagenguey usreioj ur
douewioyrad Juapnis Sunoripaid

JI0M INQ

(1207) I9[IIN pue 108199

(0207) 'T® 19 ZopUPUISI-0SUOTY

(£207) "Te 19 1eAysooH

(L107) 'Te 30 BUBYNK

(£207) 1B 10997

(ST0?) I'T pue ‘Susys ‘Yo

(6T07) 'T& 19 BUYIRILQY

(8T07) ISY-TTOUINITY

(ST07) T 19 B[IA SBUR[[]

uonarpaxd
awmn-1edy

[opowx
Jrqeldadiajug

sIasn
jaseieq

22a1n0s evleq

SPOYIdIAL

[eoS uonyorpaid

Apmig

‘s0g ut suonyesrdde [yX pue uororpaid sourwriojrad juspnis uo sarpnis Sunsixe jo uostredwiod payreldd | [ ATAV.L

Expert Systems, 2025

40f 14

108



FIGURE1 | Puzzle example in Shadowspect.

basic functionality, the intermediate and advanced levels offer
more independence and challenging puzzles for experienced
players.

For the data collection process, the team recruited seven teach-
ers who used the games with students from seventh to tenth
grade. The final dataset used for this research consists of ap-
proximately 428,000 events performed by a total of 322 students
(with an average of 1320 events per student). These events were
recorded over a period of 260h, equivalent to an average of
0.82h per student.

3.2 | Training and Explicability Procedure

We can divide the methodology into two main blocks: perfor-
mance prediction model development and model interpretabil-
ity and explanations. The first block describes the methodology
used to build the ML models for performance prediction and
consists of two stages: feature engineering and model training.
In the feature engineering stage, a set of features was developed
to assist in prediction, while the model training stage details
how the ML models were trained. The second block focuses on
the methodology used to enhance model interpretability, with
the approach adapted according to the model's inherent inter-
pretability. We can see a diagram illustrating the complete meth-
odology in Figure 2.

3.2.1 | Feature Engineering
The first step was to design the features used for predicting users'

performance in Shadowspect, specifically whether a user would
successfully complete the level being played. To achieve this, we

TETROMINO

employed a multi-prediction approach based on distinct time in-
tervals derived from the average time required to complete each
in-game puzzle. These intervals were set at 25%, 50%, and 75% of
the average completion time, allowing us to monitor player prog-
ress and provide timely feedback or interventions as needed.

We designed a set of features crucial for predicting user success,
categorised into three groups: user features, puzzle features,
and attempt features. User features provide insights into
the user's overall performance and interaction patterns, helping
us understand their ability and strategies in the game. Puzzle
features cover a set of data from the different levels within the
game, allowing us to capture the unique characteristics and
difficulty of each level, which is essential for accurate predic-
tions. Finally, attempt features provide specific information
about what the user is doing in that specific attempt, giving us
a detailed view of the actions and decisions during gameplay.
Using this comprehensive feature design allows us to consider
both user general behaviour and the specifics of each gaming
scenario. Table 2 presents the user features, Table 3 displays the
puzzle features, and finally, Table 4 shows the attempt features.
These features aim to summarise all aspects of users' interac-
tions with Shadowspect during puzzle-solving attempts. It is im-
portant to note that puzzle features and user features do not
vary with different time intervals since they aim to provide an
overview of the user and the puzzle being played. Therefore, the
features that vary with time intervals will be attempt features,
as they provide information about the current game session.

Regarding the user elo and puzzle elo features, they are
both calculated using an adapted version of the original Elo al-
gorithm, which was initially designed as a method to rank chess
players (Elo 2008). In our context, we consider the student and
the puzzle as the opponents in our game, and each student's
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FIGURE2 | Methodology diagram.
TABLE 2 | User features. TABLE 3 | Puzzle features.
Feature Description Feature Description
percentage tutorial Percentage of puzzle difficulty Calculated using the average

completed puzzles in
the tutorial category.

percentage intermediate  Percentage of completed
puzzles in the
intermediate category.

percentage advanced Percentage of completed
puzzles in the
advanced category.

attempts per puzzle The average number
of solution attempts
needed by the user
to solve a puzzle.

user elo Elo ranking obtained by
facing each user against
different puzzles.

attempt at solving a puzzle is considered a match. A compre-
hensive description of how the adapted algorithm works can be
checked in previous work (Ruipérez-Valient et al. 2022).

3.2.2 | Model Training

For training our models, we have considered the following
algorithms:

« Adaboost: An ensemble method that combines weak learn-
ers to create a strong learner by iteratively adjusting weights.

« Decision Tree (DT): Creates a tree-like model of deci-
sions by recursively splitting data based on different feature
conditions.

pu

Pu

time it takes to complete the
puzzle, the average number of
actions to solve it, the percentage
of abandonments, and the
percentage of incorrect checks
when attempting to solve it are
normalised separately with
respect to the same metrics
obtained from the rest of the
puzzles. Once normalised,
they are aggregated and
normalised again with respect
to the distribution of puzzles.

zzle elo Elo ranking obtained
by facing each puzzle
against different users.
zzle The string containing the

name of the puzzle.

K-Nearest Neighbours (KNN): Assigns a label to
a new data point based on the labels of its k nearest
neighbours.

Multi-Layer Perceptron (MLP): A type of feedforward
neural network with multiple layers to model complex non-
linear relationships in data.

Random Forest (RF): Ensemble method combining mul-
tiple decision trees to provide reliable predictions.

Stochastic Gradient Descent (SGD): Efficient optimisa-
tion algorithm using small random subsets of training data,
suitable for large datasets and online learning.
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TABLE 4 | Attempt features.

Feature Description

Total number of events
generated by the user.

n_events

Number of user's idle
moments (15s without
generating any events).

n breaks

Number of screenshots
taken by the user.

n_snapshot

Number of camera
rotations performed
by the user.

n_rotate view

Number of manipulation
events generated
by the user.

n manipulation events

Number of attempts to
check the solution.

n _check solution

Best puzzle submission
rate obtained, determined
by dividing the number
of matched silhouettes
by the total number of
correct silhouettes.

best submit

+ Support Vector Classifier (SVC): Constructs hyperplanes
to separate data into different classes, effective in high-
dimensional spaces and for complex decision boundaries.

Regarding the data preprocessing, it is worth mentioning the
separation of the dataset into training and testing sets. In this
work, we needed to consider an additional condition beyond
simply separating the data. We wanted to ensure that attempts
from the same user fell into the same dataset to prevent the
model from learning based on a user's specific behaviour and
then predicting other attempts from the same user. This guar-
antees that the model is capable of generalising well to user
behaviour across different individuals. Therefore, we decided
to randomly select 70% of the users as training users and the
remaining 30% as testing users. The attempts corresponding to
the training users were included in the training dataset, while
the attempts made by the testing users were included in the
testing dataset. In addition, we applied one-hot encoding to the
puzzle feature because some of the ML models used are un-
able to handle categorical data.

For model training and configuration, we employed ten-fold
cross-validation and used balanced accuracy as the performance
metric. This metric calculates the percentage of correctly clas-
sified positive and negative instances and then averages these
percentages. It is highly useful in scenarios with imbalanced
data, as it assigns equal importance to the accuracy of both the
majority and minority classes. In our case, we are dealing with
imbalanced data, as the number of instances corresponding to
successes is nearly twice that of failures; thus, we prioritise bal-
anced accuracy as our primary evaluation metric. In addition to
the balanced accuracy, we also reported the F1 score, Matthews

correlation coefficient (MCC), precision, sensitivity and speci-
ficity. After training each model configuration separately, we
selected the models and configurations associated with the al-
gorithms that achieved the best average balanced accuracy for
each time interval.

3.2.3 | Model Interpretability and Explanations

Once the best model was selected, we aimed to enhance its inter-
pretability, ensuring that the model's predictions were fully ex-
plainable. If the chosen model was inherently interpretable, we
would utilise that interpretability to explain the model's predic-
tions. For example, if the best model happened to be a decision
tree, we could easily interpret its decision-making process by ex-
amining the sequence of split rules and feature importance. On
the other hand, if the chosen model was not interpretable, we
sought to apply XAI methods to achieve interpretability.

XAl methods can be categorised based on different criteria. The
first criterion is ‘intrinsic vs. post hoc’, where interpretability is
achieved either by constraining the complexity of the ML model
(intrinsic) or by using methods that analyse the model after
training (post hoc). The second criterion is ‘model-specific vs.
model-agnostic’. Model-specific interpretation tools are limited
to certain model classes, like interpreting regression weights in
linear models. Model-agnostic tools, on the other hand, can be
used with any ML model and are applied after the model has
been trained. Lastly, the third criterion is ‘local vs. global’ inter-
pretation. Local methods explain individual predictions, while
global methods provide explanations for the overall behaviour
of the entire model.

In this particular scenario, our intention was to use a post hoc,
model-agnostic, and local interpretability method. We specifi-
cally opted for a post hoc approach because the chosen model
was not inherently explainable. Furthermore, we aimed for it
to be model-agnostic, as using a method tied to a particular
model might not be compatible with the best-performing model.
Lastly, we chose a local method, as our primary focus was on ex-
plaining individual predictions. The selected method for adding
interpretability to a ‘black box’ model was SHAP. The primary
reason for choosing SHAP was its capability to provide local
interpretability. Additionally, SHAP values can be aggregated
globally, offering insights into the model's overall behaviour
and functioning.

SHAP is a method for explaining individual predictions based on
Shapley values, which are optimal from the perspective of game
theory. Shapley's values are a measure used in cooperative game
theory to fairly allocate the value or contribution of each player to
a specific game or problem. Shapley values are based on the idea
that a player's value in a game depends on their contribution rel-
ative to the different possible coalitions or combinations of play-
ers. In other words, a player's value is calculated by considering
all the possible ways they could have collaborated with the other
players. To calculate Shapley's values, all possible permutations of
players are considered, and the change in the game value when
an additional player is added to the coalition is evaluated. These
changes are averaged to obtain a fair measure of each player's
value (Molnar 2022). In our context, the players are the different

7 of 14

111

851801 SUOWIWIOD 311D 3|qedl|dde 8y Aq pauienob 88 Sappile WO !N J0 S3nu 10} Akeiq 18Ul UO AB]IM UO (SUOHIPUOO-PUE-SLLBILIOD A 1M ARed 1 )BU1IUO//SHNY) SUORIPUOD PUe SW L 34} 88S *[5202/60/92] Uo AkiqiTaulluo AB|IM einiN 8Q PepSRAIIN AG 8000L ASX/TTTT 0T/I0pW00 A8 1M AReiq1jeul|uo//Sdiy wo papeojumod ‘€ 'S20Z ‘68089 T



features of the model, and the game value is the prediction out-
come (the estimated success percentage of the attempt).

To calculate SHAP values, we selected the Python library SHAP
(Lundberg 2018). Specifically, we employed the explainer dash-
board, which builds upon SHAP to offer the option of visually
representing SHAP values through dashboards. It is important to
note that the importance of features in an individual prediction
has a local interpretation. In other words, this importance is also
influenced by the values of the remaining features. Therefore, in
two different attempts where one feature holds the same value
but the other features vary, they may have different levels of im-
portance for the prediction. Thus, it is crucial not to attempt to ex-
plain the importance of a feature in isolation without considering
the values of the other features, as these values also influence the
significance of that particular feature.

4 | Results

4.1 | Performance Prediction Models: Comparison
and Identification of the Best Model for Prediction

The first step after preprocessing was the configuration and
evaluation of the AI algorithms through a ten-fold cross-
validation for each time interval. The best results obtained by
each algorithm and time interval in the cross-validations are
summarised in Tables 5-7. The results show that RF achieved
the best performance in every time interval, achieving a bal-
anced accuracy of 0.76 in the first time interval (25%), 0.772
in the second time interval (50%), and 0.795 in the third time
interval (75%). It is noteworthy that the algorithms achieved
high performance even in the first time interval, and the per-
formance improvement when moving to the second and third

TABLE 5 | Ten-fold cross-validation training results for prediction 1 (25th).

Model Balanced accuracy F1 score MCC Precision Sensitivity Specificity
AdaBoost 0.7253 0.8887 0.5069 0.8513 0.9324 0.5183
DT 0.7448 0.8857 0.5106 0.9103 0.5794 0.8637
KNN 0.6746 0.8731 0.4092 0.8253 0.9297 0.4195
MLP 0.7408 0.8858 0.5077 0.8628 0.9118 0.5697
RF 0.7598 0.8801 0.5175 0.8824 0.8793 0.6403
SGD 0.7230 0.7548 0.3897 0.9029 0.6611 0.7848
SvC 0.6964 0.8314 0.3690 0.8551 0.8112 0.5816

TABLE 6 | Ten-fold cross-validation training results for prediction 2 (50th).
Model Balanced accuracy F1 score MCC Precision Sensitivity Specificity
AdaBoost 0.7621 0.8782 0.5722 0.8337 0.9309 0.5932
DT 0.7433 0.8293 0.4874 0.8187 0.6680 0.8460
KNN 0.6995 0.8371 0.4311 0.7949 0.8866 0.5124
MLP 0.7653 0.8620 0.5493 0.8430 0.8853 0.6453
RF 0.7715 0.8698 0.5635 0.8526 0.8911 0.6518
SGD 0.7096 0.7854 0.4118 0.8340 0.7529 0.6663
SvC 0.7183 0.8557 0.4891 0.8129 0.9068 0.5299

TABLE 7 | Ten-fold cross-validation training results for prediction 3 (75th).
Model Balanced accuracy F1 score MCC Precision Sensitivity Specificity
AdaBoost 0.7789 0.8261 0.5659 0.7908 0.8716 0.6863
DT 0.7565 0.7787 0.4981 0.7749 0.7380 0.7873
KNN 0.7217 0.7897 0.4604 0.7300 0.8676 0.5759
MLP 0.7885 0.8401 0.5985 0.7980 0.8921 0.6849
RF 0.7954 0.8383 0.6001 0.8090 0.8737 0.7172
SGD 0.7035 0.7271 0.4164 0.7394 0.7663 0.6407
SvC 0.7365 0.8087 0.5009 0.7488 0.8840 0.5889
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time intervals is not particularly high. The main reasons are
that the user and puzzle features contain relevant information
for predicting student performance, and the attempt features
quickly capture the student's skills.

Once we selected RF as the best algorithm, we assessed the
generalisation power of the three RF models (one for each time
interval) in the test set. The test set contained unseen data not
employed during the models' training, configuration and selec-
tion. Table 8 shows the balanced accuracy achieved by RF in
the test set of each time interval. The performance of RF was
even better than in the cross-validation, showing a good gener-
alisation power of the three models.

TABLE 8 | Test results.

Based on the results mentioned above, we chose RF to be applied
in the use case that we will present afterward. However, RF is a
‘black box’ algorithm. Therefore, our models are not inherently
interpretable, unlike other algorithms such as KNN or decision
trees. To improve the interpretability of the models, we applied
the SHAP method, which allows us to explain individual predic-
tions in the use case. Moreover, this method can also be useful
for identifying the most relevant factors contributing to students'
success when solving puzzles. To achieve this, we rely on the im-
portance of features calculated as the average absolute value of
the Shapley values obtained by each feature in different individ-
ual predictions. We can see the importance of each feature in each
prediction in Figure 3. Puzzle features are shown in red, user

Model Balanced accuracy F1 score MCC Precision Sensitivity Specificity
Prediction 1 (25th) 0.7721 0.8445 0.5439 0.8449 0.8441 0.7
Prediction 2 (50th) 0.7918 0.8288 0.5912 0.8026 0.8567 0.7268
Prediction 3 (75th) 0.7928 0.8020 0.5877 0.7723 0.8340 0.7516
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features in green and attempt features in blue. Although there
are a few exceptions, the relevance of most features remains rela-
tively stable across predictions.

We observe that the most crucial features across all predic-
tions are puzzle-related, specifically puzzle difficulty
and puzzle elo. This implies that the decisive factor in de-
termining whether a user will solve a puzzle is the puzzle's
difficulty. Moving to user features, both the percentage of
advanced puzzles completed (percentage advanced) and
the number of attempts per puzzle (attempts per puz-
z1le) hold significant importance. In contrast, the percentage
of intermediate puzzles completed (percentage inter-
mediate) and the user Elo (user elo) show low relevance.
This suggests that efficient students who have successfully
tackled advanced puzzles and made few mistakes are more
likely to solve the puzzle they currently face. Finally, regard-
ing attempt features, we note that the number of events
(n_eventsandn manipulation events) playsa crucial
role in prediction. Therefore, in order to successfully solve a
puzzle, it is essential that the user is proactive, actively creat-
ing and manipulating figures.

Finally, we can take a look at the remaining attempt fea-
tures:n check solution,n rotate view,n breaks,
best submit and n snapshot. All these features have
low relevance in the prediction, except for the number of cam-
era rotations, which gains relevance in the third prediction.
Considering this, it is not crucial whether a student takes pro-
longed pauses during puzzle-solving, the number of screen-
shots taken, or the best solution achieved up to that moment.
However, we can interpret that performing more camera rota-
tions as the solving process advances helps users find a solu-
tion when stuck. This action offers new perspectives on the
scenario, which is a crucial aspect in spatially related geomet-
ric problems.

4.2 | Use Case: Supporting Individual Students in
the Classroom

For this case study, we envision a classroom scenario in which a
teacher is using the tool and has access to a dashboard to mon-
itor struggling students. This dashboard can identify students
with low probabilities of completing a level, enabling the teacher
to prioritise them for JIT support and assistance in complet-
ing the task. To do so, the teacher can analyse the individual
predictions of the model displayed on the dashboard to better
understand its functioning. We will present two examples from
our dataset, one where the model corresponding to the second
prediction correctly predicts a failed attempt and another where
it correctly predicts the success of an attempt. Additionally, we
will analyse the obtained SHAP values for each feature to study
how the teacher can interpret these values and assist students
appropriately.

Regarding the first student, Table 9 shows the features asso-
ciated with this student's second attempt at this level, along
with the obtained SHAP values for each feature. The user who
made this attempt has completed 88.89% of the tutorial puz-
zles (percentage tutorial), none of the intermediate

TABLE 9 | Features and SHAP values of the first student's attempt.

Feature Value SHAP

percentage_tutorial 88.89 —0.0161
percentage_intermediate 0.00 0.0157

percentage_advanced 7.69 0.0019

attempts_per_puzzle 2.33 —0.0648
user_elo 0.08 —0.0014
puzzle_elo 3.00 —-0.126
puzzle_difficulty 1.00 —0.1265
n_events 17.00 0.0176

n_check_solution 0.00 0.0056

best_submit 0.00 —0.0064
n_breaks 0.00 —0.0008
n_manipulation_events 6.00 0.0228

n_snapshot 0.00 —-0.0034
n_rotate_view 0.00 —0.0193
puzzle Bear market -0.0777
completed 0.0

puzzles(percentage intermediate), and 7.89% of the ad-
vanced puzzles(percentage advanced). The student has
auser elo value of 0.08 and an average of 2.33 attempts per
completed puzzle (attempts per puzzle).

The puzzle that the student is trying to solve is ‘Bear market’,
which is the most difficult puzzle in the entire game according
to the puzzle eloand puzzle difficulty features. The
user has performed 17 events (n_events), out of which six are
manipulation events (n_manipulation events). The value
of n breaks, n_check solution, n rotate view and
n snapshot features is zero. This means that there have been
no periods of inactivity, no attempts to check the puzzle solution,
and no camera rotations or screenshots taken. The last row of
the table indicates that the user did not manage to complete the
puzzle in that particular attempt.

In Figure 4, the SHAP values and how they contribute to the
final prediction are visually presented. The first bar indicates
the model's prediction result without considering any features.
As expected, this bar indicates 50% since, without any features,
the model cannot determine whether to predict success or fail-
ure. Remember that if the final prediction percentage is higher
than 50%, it will predict a successful resolution (one), and other-
wise, it predicts failure (zero).

The following bars correspond to the obtained SHAP val-
ues (Table 9). Starting from the initial prediction percentage
(50%), the corresponding SHAP values are added or subtracted
until reaching the final prediction percentage (e.g., a SHAP
value of 0.025 translates to a 2.5% increase in the final pre-
diction). Green bars represent positive contributions, while
red bars represent negative contributions. The most relevant
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FIGURE4 | SHAP values of the first student's attempt.

features in this prediction are related to the puzzle. Given that
it is the most challenging puzzle in the game, the contribu-
tion of each of these features is highly negative to the final
prediction. Additionally, the user has a high average number
of attempts per completed puzzle (attempts per puzzle),
which also has a significant negative impact on the predic-
tion. Consequently, the model predicts a success percentage
of only 11.03%, accurately predicting the user's failure to solve
the puzzle.

Given this information provided by the dashboard, the teacher
has the option to suggest that students start tackling easier puz-
zles since this student has begun solving the most difficult puzzle
in the game. Thus, the teacher may advise them to concentrate
on solving simpler puzzles first, such as the intermediate ones,
especially if they have not completed any of them.

Now, we analyse an attempt from a different student. In
Table 10, we can observe the features corresponding to the first
attempt of this student in this particular puzzle. The user who
played this attempt completed 55.6% of the tutorial puzzles and
none of the intermediate or advanced puzzles. The student has a
user_ elo value of 0.0 (Elo does not consider tutorial puzzles)
and an average of 1.0 attempt per completed puzzle, meaning
that the user has successfully completed all the previous puzzles
in the first attempt. Regarding the puzzle, in this case, it is ‘6.
Stretch a ramp’, which has a difficulty value of 0.11 and an Elo
value of 0.42, making it relatively easy to solve. Up to that mo-
ment, the user has performed a total of 31 events (of which 15
were manipulation events), has had no periods of inactivity and
neither rotated the camera nor took screenshots. Finally, the last
row of the table indicates that the user successfully solved the
puzzle in this attempt.

In Figure 5, the SHAP values and their contributions to the
final prediction are visually presented. Starting from the ini-
tial prediction percentage (50%), we observe that the feature
contributing the most is the number of attempts per completed
puzzle. Since this user has completed all attempted puzzles on
the first try, the model assigns significant relevance to this fea-
ture. Subsequently, puzzle-related features also contribute sig-
nificantly to the decision, given the low difficulty of this puzzle.
Finally, it is worth noting the relevance of manipulation events.

TABLE 10 | Features and SHAP values of the second student's
attempt.

Feature Value SHAP
percentage_tutorial 55.56 0.0205
percentage_intermediate 0.00 0.0163
percentage_advanced 0.00 0.03
attempts_per_puzzle 1.00 0.0893
user_elo 0.00 0.0189
puzzle_elo 0.42 0.0725
puzzle_difficulty 0.11 0.0713
n_events 31.00 0.0364
n_check_solution 0.00 0.0069
best_submit 0.00 —0.0097
n_breaks 0.00 0.0073
n_manipulation_events 15.00 0.0497
n_snapshot 0.00 —0.0003
n_rotate_view 0.00 —0.0282
puzzle 6 Stretch a ramp 0.0414
completed 1.0

The user has extensively created and manipulated figures, a
clear indication of being close to a puzzle solution, thus contrib-
uting positively to the model's prediction. In the end, the model
predicts that the student will solve the puzzle with a probability
of 92.3%. Given this scenario, the teacher does not need to assist
the student due to the context provided by the features and the
high probability of solving the puzzle.

5 | Discussion
The analysis and interpretation of data generated by SGs can

provide valuable information for learners and instructors in edu-
cational settings. For example, instructors can follow a student's
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FIGURES5 | SHAP values of the second student's attempt.

progression in real-time while playing and take action on any
identified learning problems (Serrano-Laguna et al. 2017). This
data analysis would enable the application of JIT interventions
in classrooms. By continuously monitoring and interpreting stu-
dents' interactions, game analytics allow instructors to identify
learning gaps and challenges as they emerge. However, the anal-
yses typically used in GBA studies are quite simple, and there
is still a present challenge in developing more sophisticated and
robust methods for leveraging the vast amount of data generated
by SGs (Gomez, Ruipérez-Valiente, and Clemente 2023).

In this regard, AI models can be used to predict future perfor-
mance based on current learning behaviours, adding a novel
dimension to the personalisation and adaptation of GBAs
(Kickmeier-Rust 2018). In this research, we developed a pre-
dictive approach that integrates Al as a crucial component in
analysing this game data, taking into account several features
derived from students’ interactions with the game and allowing
us to assess and predict students’ performance while playing.
These predictions can be useful in many ways. For instance, they
enable instructors to intervene in the classroom when necessary,
identifying students who are experiencing difficulties and help-
ing them in real-time. Moreover, this information could also be
used as input in adaptive platforms to adjust the game difficulty
based on the predictions, provide hints and adjust the learning
experience to each student's needs.

However, for instructors to provide this personalised learning
approach, they need to understand the information generated
by the AI models. XAI plays a crucial role in facilitating the
socio-cultural process of learning, where interactions between
teachers and students are fundamental in guiding learners
through zones of proximal development and providing per-
sonalised support to students facing difficulties (Khosravi
et al. 2022). Incorporating XAI methods further enhances the
educational benefits of our proposal. XAI techniques facilitate
the comprehension and explanation of how our AI models make
predictions, and this transparency enables instructors to under-
stand the reasoning the model followed to make the prediction
and act accordingly.

Moreover, an important aspect of Al systems is to ensure user
trust. Explainability gives users confidence that AI systems
work well, helps developers understand why a system works
a certain way, and safeguards against bias (Shin 2021). In ed-
ucation, the need for explanation arises since educators must
be accountable to students, parents, and the government.
Explanation is crucial when providing individual feedback to
students, offering teachers diagnostic feedback to identify areas
where a class of students needs increased focus, and during pa-
rental consultations to help them support their child's learning
(Khosravi et al. 2022). By incorporating XAI techniques on top
of our models, we increase the transparency of our predictive
models in educational contexts, allowing instructors to under-
stand the reasoning behind the predictions and building confi-
dence in the potential use of SGs in the classroom.

6 | Conclusions

This research aimed to develop an XAI model for predicting
students' performance in real-time while playing Shadowspect,
a geometry SG. The RF predictive model developed in this study
demonstrates a promising accuracy in anticipating students’
task completion, achieving a balanced accuracy result of 77.21%
in making early predictions after a short playtime has elapsed.
Moreover, we ensured that the model predictions are fully ex-
plainable by taking into account both intrinsic and extrinsic
explainability options. This way, our work provides a compre-
hensive framework for interpretable models, enabling a better
understanding of the AT model predictions and facilitating in-
formed decision-making in educational contexts. With this re-
search, we aim to contribute to the educational field by providing
a powerful and understandable tool that supports personalised
learning experiences and effectively integrates SGs into educa-
tional settings.

This work has some limitations. First, our ML models were
built using a specific set of log data from Shadowspect, which
may not fully capture the diversity of behaviours present in
other contexts and SGs. Expanding the feature set to include
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data from other SGs could improve the models’ applicabil-
ity across different games and enhance predictive accuracy.
Moreover, although our interpretable models are useful for
understanding the model's decisions, the output might still
be complex for non-technical users. Thus, we plan to refine
the model's interpretability to ensure that even users with lit-
tle technical expertise can benefit from the insights provided
by the models. Furthermore, while we acknowledge the effec-
tiveness of the ML models developed, the use of more complex
techniques, such as DL, could potentially enhance the predic-
tive power and robustness of our approach. Another limitation
is that our data comes from a partially controlled classroom
setting. As part of our future work, we intend to conduct case
studies and experiments in various real-world educational set-
tings to better understand the adaptability and generalisability
of our approach. By addressing these limitations, we aim to
make our model a valuable tool for personalised learning and
interventions.
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The tool also offers customizable labels and various types of visualizations to support different contexts and

Code metadata

Current code version

Permanent link to code/repository used for this code version
Permanent link to Reproducible Capsule

Legal Code License

Code versioning system used

Software code languages, tools, and services used

Compilation requirements, operating environments & dependencies
If available Link to developer documentation/manual

Support email for questions

v1.0

https://github.com/ElsevierSoftwareX/SOFTX-D-24-00172

MITLicense

git

CSS, JavaScript, HTML, Python, Django

Ubuntu/MacOS, Python > 3.7.2
https://github.com/CyberDataLab/gba-labeling-tool/blob/main/readme.md
manueljesus.gomezm@um.es

1. Motivation and significance

Modern technologies are having a significant impact on every indus-
try, including gaming and education [1]. Serious Games (SGs), which
are designed specifically for purposes other than or in addition to pure
entertainment [2], have gained significant attention in recent years.
In particular, SGs are being explored for their potential to provide
more valid assessments compared to traditional assessment approaches.
Game-Based Assessment (GBA) has been increasingly used in various
domains such as education, health, military, and industry [3]. With
the growing popularity and adoption of GBA, there has also been
a significant increase in the quantity of data generated from user
interaction.

* Corresponding author.
E-mail address: manueljesus.gomezm@um.es (Manuel J. Gomez).
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Data collected for SGs and assessment research covers diverse mea-
surements, including performance skills and behavioral factors relevant
to both the process and outcomes [4]. Usually, various data types are
collected, including audio recordings, video captures, and game event
data from players’ interaction with games. In this regard, labeled data
plays a crucial role in the development of models and algorithms that
enable researchers to gain deeper insights into learners’ behaviors,
engagement, and performance [5]. However, the process of data label-
ing is time-consuming and challenging. In many real-world scenarios,
large-scale labeled datasets can be very costly to acquire, specially
when expert annotators are required [6]. As datasets for training and
testing of algorithms get increasingly larger, there is a need for efficient
and user-friendly solutions to facilitate the annotation of multimedia
data [7].
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In the context of GBA, where large quantities of data are col-
lected, the lack of standardized tools and methodologies for data label-
ing raises significant challenges. Researchers usually employ primitive
methods such as Excel worksheets or manual annotations, and the
existing multi-functional labeling tools are too general to be used
with GBA data. Wang et al. [8] reported the very limited existence
of labeled datasets in many real-world scenarios, and specially in
education. They also noted that labels are often annotated by multiple
workers with different expertise, leading to noise and inconsistency.
Although we identified that many previous SGs studies have applied Al
models/techniques [9,10], the majority of these studies heavily rely on
automatically labeled data derived from in-game measures or statistics.
Therefore, we note that human-labeled data is often underutilized, po-
tentially due to the considerable time and economic resources required
for its acquisition.

With this tool, we aim to address existing challenges associated
with data annotation in GBA by developing a web-based open-source
tool specifically designed for GBA data annotation. By integrating the
possibility of labeling audio, video, and game-event data in the same
tool, we provide researchers with a flexible and efficient solution
for labeling various types of multimedia data. It provides different
annotation types (global, time instant and time window annotations)
and different ways of visualizing the same data. In addition, the tool’s
interface and workflow optimize the annotation process, potentially
reducing inconsistencies between annotations and users’ interpreta-
tions. By developing this tool, we contribute to the GBA literature and
enhance the potential for leveraging multimedia data for educational
research and assessment.

A comparative analysis with already existing tools in the literature
reveals the unique features and enhancements of our tool. Zhang
et al. [11] developed a conceptual framework for data labeling, and
Da Silva et al. [7] presented an open source multipurpose tool for
the annotation of multimedia datasets with collaborative annotation
capabilities. While this multipurpose tool offers versatility in accepting
images, audio, point cloud, and general signals, our tool stands out
with its specialization in integrating game event data and providing
an automatic feature report specifically designed for GBA scenarios.
In addition, our tool allows to directly incorporate Unity projects
into the environment, a capability challenging to achieve with generic
annotation tools. Moreover, the Videojot tool [12] focuses on the an-
notation of video streams by combining zoom, drawing, and temporal
social bookmarking, meanwhile Palotai’s tool [13] emphasizes ML-
based event recognition in video data to enable automated annotation.
In contrast, our tool emphasizes manual annotation with customizable
labels tailored for GBA scenarios, while also accepting multimedia data.
Furthermore, Philbrick’s RIL-Contour [14] is specifically designed for
medical imaging datasets and promotes collaborative annotation by
supporting concurrent multiuser workflows. While existing tools offer
versatility, they lack specialized features required for effective labeling
in GBA scenarios. Our tool addresses the specific needs of GBA research,
enhancing the efficiency and accuracy of the data labeling process, and
setting it apart from other generic or context-specific tools.

2. Software description
2.1. Software architecture

We have built the “GBA Labeling Tool” as a web application built
using the Django framework. Our tool is developed as a server-side
web application, providing robust and scalable capabilities. Users can
access our tool using any web browser, making it easily accessible
and compatible with any platform. In Fig. 1 we can see the complete
platform’s architecture.

Django is a web framework that uses Python for building very
fast dynamic websites. It implements advanced security measures, in-
cluding SQL injection prevention and data validation [15]. Django’s
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architecture is inherently scalable, enabling web applications to expand
without causing any disruptions to their functioning and the flow of
traffic [15]. Django offers scalability and speed optimization capabili-
ties such as caching, load balancing, or horizontal scaling, making it an
ideal choice for addressing these difficulties. Considering that the GBA
Labeling Tool is expected to be used by a relatively small numbers of
users concurrently, Django’s scalability features align perfectly with our
needs.

We employ the SQLite embedded database, ideal for most low to
medium traffic applications, supporting tens of thousands of transac-
tions per second and offering faster blob data processing compared to
file systems [16]. The combination of SQLite’s efficiency and Django’s
capabilities for improving performance of database queries ensures
our tool can efficiently handle large datasets while maintaining re-
sponsiveness. Next, we present the different modules that form the
architecture.

2.2. Data input

Users can upload audio, video, and game event data. Each individual
replay must be linked to a game, user group (e.g., a classroom), and
a user. If these details are not included along with the replays, the
platform will use the default game, group, and/or user.

Multimedia data (audio and video) are directly stored as replays in
the database. Regarding gameplay data, the tool incorporates a custom
parser to transform the raw data, which can be received in multiple
formats such as CSV (Comma-Separated Values) or JSON (JavaScript
Object Notation), into a different format for further processing and
visualization. Our parser maps every individual event in the log file
into an event instance in the database. This event model includes
essential information such as the timestamp, event type, and user-
related details. In addition, our backend includes a feature computing
module that analyzes the data by iterating through each individual
event and calculates a set of useful features to add context to the labeled
replay. There are two types of features: context features, related to the
user up to that point in the gameplay, and attempt features, which are
specific to that particular attempt. These features include information
like the active and inactive time (in seconds), the number of completed
levels, or a specific count of events.

2.3. Customization

Gameplay data can be fully customized by the user. The first cus-
tomization option is event naming. Typically, event names defined by
the original event model are lengthy or hard to read. By customizing
each event’s name, annotators can create more readable replays and
make the annotation process more efficient.

Annotators can also define new types of events by combining exist-
ing ones along with a set of regular expression operators. Fig. 2 shows
the “Custom events definition” page. On the left column of the page
we can find the “items list”, which includes the original events from a
specific game, as well as a wildcard event (Any). On the right column,
three operators are available: ? matches the preceding event zero or
one time; * matches anything in place of the *; and + matches the
preceding event one or more times. To use these operators effectively
and avoid errors or potential infinite loops, users should have some
knowledge of regular expressions. The user can drag any of the items
on the columns into the center box and combine them to create new
events to be shown in textual replays. For instance, Fig. 2 shows the
custom events definition interface, where a user is defining an event
called NFLAPS as “(FLAP)+”. This means that any sequence of one or
more FLAP events will be replaced by the new custom event. By using
custom events, annotators can adapt the replays to their specific needs,
ensuring they are more representative of the gameplay.
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Fig. 1. Platform’s architecture.

2.4. Visualization

The three different data formats result in four types of replays:
audio, video, in-game, and text replays. When the user selects a specific
replay, the tool loads the replay file to visualize it. For instance, in
Fig. 3 we can see an audio replay, which is represented as waveforms.

We can visualize game event data in two different ways. Since log
data is parsed and stored in the database, we can use the game engine
itself to visualize the replay if the game allows it. In the example
shown in 4(a), we use Shadowspect, a 3D geometry game designed
as a formative assessment tool to measure math core standards [17].
The tool includes a set of templates that offer integration with Unity
WebGL applications, simplifying the process for users to incorporate
their projects into the tool environment.

Secondly, we can generate a textual (“pretty-printed”) representa-
tion using the original events generated by the users’ interaction with
the games. In this example shown in Fig. 4(b), we can observe the
game’s start, the number of level attempts, each action’s timestamp
relative to the previous action, and the final outcome (completed or
not). In both log data visualizations, features previously computed are
incorporated in the right column. This data enrichment helps to provide
a more informative and detailed understanding of replays.

In the text replay visualization interface, three different buttons
located in the lower right corner offer annotators even more options
to customize their data. The Collapse/Uncollapse events button allows
merging consecutive identical actions, showing the number of times
that the action has been performed consecutively. The Replace custom
events button allows to replace the original events with their previously

defined custom events. Finally, the Text/Visual mode button allows
users to create a plot using the log data to visually represent the events.
For each replay, two plots are available: one generated with the original
events and another generated using custom events. In Fig. 5 we can see
an example of a plot generated using custom events and the same replay
as in Fig. 4(b).

2.5. Annotations

In our tool, an annotation (or tag) is defined as the relationship
between a user (annotator), a replay, a label, a value, a time interval,
and a type of annotation. First, global annotations refer to the entire
duration of the replay, indicating that a specific label value has been de-
tected throughout the entire replay. Second, time instant annotations
refer to a single point in time, indicating that a specific label value has
been detected at a particular moment during the replay. Finally, time
window annotations refer to a time interval (start and end) between
the replay’s beginning and end.

When adding a time instant annotation to an audio or video replay,
the tool will automatically assign the time instant to the moment
displayed in the media player, as shown in Fig. 6(a). Moreover, when
the user wants to add a time window annotation in an audio or video
replay, they need to set the start and end of the time window using
the respective buttons. For time instant annotations in a textual replay,
a dropdown menu is available to select the event the user wants to
annotate. Once selected, the tool assigns the global timestamp associ-
ated with that event to the annotation. Fig. 6(b) shows the annotation
interface in a text replay when adding a time window annotation. We
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can see a dropdown menu to select the type of annotation, event, label, 4 "value": "Creative",
and value, and two additional buttons to set the time window beginning 5 "annotationTime": 7.4,
and end. 6 "finalAnnotationTime": 131.57,
7 "game": "BALLOON",
2.6. Data export 8 "user": 21090508420934984,
9 "level": "BALLOON-0",
Users can export their annotated data at any time using the Export 10 "group": "MainGroup"

button available in the game, group, and user selection menus. The tool 11 [P
allows exporting data from all games or filtering data for specific games
or groups. Two export formats are available: JSON and CSV, providing Listing 1: Example of one of the JSON files generated by the export

flexibility for users to choose the standard format that best suits their option.
needs.
1 { Listing 1 shows a fragment of a JSON file generated by the export
2 "label": "Creativity", utility. As we can see, the JSON file contains all the information for
3 "typeTag": "TimeWindow", each annotation added, including the type of tag, value, game, or level.
4
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Fig. 4. Log data visualizations.

3. Illustrative examples

To facilitate the reader’s understanding and visualization, we have
created a complementary video (https://youtu.be/szOU9HL1QBO) that
demonstrates how a user would label game event data. Specifically,
the user in this example aims to label the persistence competence by
visualizing game replays from a game called Crystal.

First, the user begins by creating an alias for different game events
and defining a custom event named “NRELEASES”, defined as one
or more MOLECULERELEASE events. Then, the user proceeds to la-
bel different replays by visualizing the game event data, collapsing
events, replacing custom events, and plotting the data to obtain a
better overview of each replay. Once the labeling process is complete,
the video shows how the user exports the data into CSV format for
downloading.

In addition, we have created another complementary video (https:
//youtu.be/XhGKdZfutOk) that provides a complete overview of the
tool, including the use of audio, video, and game event data, as well as
different annotation types.

4. Impact

The expected impacts of our tool primarily include the rise in
adoption of multimedia and gameplay data labeling methodologies
within GBA research. This tool is the first designed to meet specific
requirements for annotating datasets in GBA scenarios, offering novel
capabilities not found in existing annotation tools. We believe it can
be applied in diverse GBA environments due to its versatility and
adaptability to different types of multimedia data. This open-source tool
contributes to the standardization of methodologies in GBA research,
facilitating collaboration between researchers and the validation and
comparison of results across studies.

One potential advantage is the reduction of annotation time, as the
tool provides a user-friendly interface with customizable labeling op-
tions, helping practitioners to label data more efficiently. Moreover, the
tool can contribute to higher consistency between annotations through
predefined annotation types, labels, and values. Although using this
labeling tool helps to optimize the annotation workflow, limitations
still exist, as relying on manual annotations often results in noise and
inconsistencies due to differences in annotators’ interpretations of data
and labeling criteria. However, by combining the strengths of our
tool with training and consistency measures, researchers can mitigate
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Fig. 6. Screenshots of the annotation interface in the tool.

potential issues and ensure the reliability of the annotated data. More-
over, exploring Al-assisted labeling techniques can help enhance the
efficiency and accuracy of the annotation process, as well as enable
the annotation of more complex and larger datasets.

Furthermore, the integration of annotated datasets with common
analysis tools in the field allow researchers to conduct more complex
analysis and gain deeper insights. There are several tools that are
often used for statistical analysis and data visualization in educational
research, such as RapidMiner, Orange, SPSS, and different packages in
Python like Scikit-learn or NumPy [18,19]. Researchers can benefit from
these tools and explore different correlations and patterns between
game event data and learning outcomes, as well as apply sophisticated
algorithms for predictive modeling or clustering, helping to advance
the understanding of the impact of game-based learning on educational
outcomes.

5. Conclusions

In this research, we introduce an open-source tool to address ex-
isting challenges in GBA data labeling. Our tool supports labeling of
audio, video, and game event data, with a custom parser that integrates
game event data to facilitate the analysis of gameplay performance and
patterns. This includes a summary of game event data, as well as the
possibility to define custom events by combining existing ones along
with a set of regular expression operators. Moreover, users can employ

three annotation types and customize labels and values to meet the
unique requirements of GBA scenarios. Additionally, the integration
with Unity WebGL applications simplifies the process for users to
incorporate their Unity projects into the labeling tool environment.
Finally, users can export their labeled data in both CSV and JSON
formats, facilitating data sharing and analysis.

The illustrative example demonstrates the practical potential of the
proposed tool, and the open-source repository includes dataset samples
that enable straightforward use of the tool. While our tool can help to
optimize and standardize the annotation process, ensuring consistency
among annotators may still require training and control. We plan
to incorporate collaborative annotation features, such as calculating
agreement between annotators, to reduce noisy data and improve
annotations by identifying discrepancies. Furthermore, we plan to ex-
plore the integration of Al-assisted labeling techniques to enhance
the efficiency and accuracy of the annotation process. This would
help not only to reduce dependency on manual annotation but also
to reduce noise between different annotators by providing automated
assistance in the annotation process. Finally, to validate and enhance
the tool’s usability and accessibility, we plan to explore user feedback
and conduct empirical usability studies, ensuring its accessibility to a
wider audience and further validating its usability.
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Conclusions and future directions

This section presents several key conclusions and highlights future directions
emerging from the completion of this Ph.D. thesis and its associated research find-
ings.

C1. The need for more standard assessment frameworks

This Ph.D. thesis demonstrates that GBA is a powerful tool for extracting valu-
able knowledge from user data. Such data can be collected from various sources,
including audio and video recordings, log-event data generated from learners’ in-
teractions, and multimodal inputs such as gestures, facial expressions, or biometric
signals. However, although large data repositories are increasingly being created and
made available for analysis, result|[R1|evidenced the lack of standardized frameworks
for both designing and implementing assessments that effectively leverage these rich
datasets. This thesis introduces a modular a scalable solution for handling GBA
data using an ontology-based architecture, as demonstrated in results and [R3]
However, there remains a need for researchers to adopt standard data formats in-
stead on relying on specific assessment machinery. Standardization facilitates the
open sharing of data for other research purposes and reduces the effort required to
replicate results using similar techniques.

Moreover, as the number and size of these datasets continue to grow, there is
an increasing need for efficient processing systems capable of processing large-scale
data, such as the one presented in result [R3] Particularly in the era of Big Data,
developing a scalable and efficient architecture for GBAs is essential.

C2. The increasing value of GBA for education and training

GBAs have the potential to be applied in a wide range of contexts and situa-
tions. Result revealed that these assessments are mainly used in educational
settings, but also in medical environments for purposes such as rehabilitation, and
in professional environments. In the latter context, companies use games not only
for staff recruitment but also to evaluate employee performance and provide addi-
tional feedback. Regarding the use of GBAs in education, they are most commonly
applied in middle and high school, as children and adolescents are ideal target users
due to their familiarity with gaming environments and mechanics. A particularly
promising aspect of these assessments in education is their potential to support
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the development and sustainability of 21-st century skills, such as collaboration,
communication, and persistence. These skills are traditionally difficult to measure
using conventional assessment methods, and benefit from being applied in context
for more accurate measurements. However, existing literature still reports a lack of
research focused on developing and measuring 21-st century skills [35].

For games effectively assess complex skills and behaviors, they must be grounded
in strong game design principles, adopting design-based research methods. Cur-
rently, further research is needed to systematically develop and enhance the current
design of games for assessment purposes, as many existing examples still use simple
quizzes, either as their primary assessment mechanism or as a significant component
of the gameplay.

C3. Complexity in skills demands complexity in assessment

One of the key potentials of GBA is its ability to measure complex cognitive
skills and behaviors, as it allows for the recreation of more authentic and realistic
scenarios required to assess the application of these skills in context. The systematic
review in result evidenced the need for more sophisticated assessment methods,
since researchers often rely on simple metrics and indicators that fail to capture the
complexity and context-dependence nature of cognitive skills. There is a variety
of methods that can help us with these challenges, including ML, DL, knowledge
inference, and data science techniques such as sequence and pattern mining. These
approaches focus on discovering hidden patterns and behavioral sequences that are
not immediately evident, providing valuable information into learning progress and
skill development. Moreover, the integration of multimodal data, such as physiolog-
ical signals, audio, and video recordings, can broaden the scope of assessments by
providing a more holistic understanding of user interactions and states.

However, employing AI models introduces an additional layer of difficulty. These
models often require large datasets with consistent labeling to perform well, and such
data can be difficult and costly to obtain. In this context, result presents a prac-
tical tool that offers a pathway towards more accurate and efficient data labeling in
the GBA context, supporting the annotation of both multimedia and log-event data
within a single platform. Of course, the design of meaningful assessment strate-
gies is crucial to ensure that this labeling process captures relevant and valuable
information.

C4. Interpretability as a key enabler for real-world
application

As new Al models and methods emerge, there is an increasing demand from re-
searchers and stakeholders for more understandable and transparent outcomes. The
performance improvement of these methods is usually achieved through increased
model complexity, which turn the developed system into a “black box.” This need is
particularly important given the perception among non-technical users, who often
see Al as producing outcomes that are inexplicable or difficult to interpret. As a
result, research interest in the field of XAI, which focuses on developing methods
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to explain and interpret AI models, has experienced a significant growth in recent
years.

In the context of GBA, key stakeholders such as teachers, corporate trainers,
or medical instructors, are often non-technical users. In practice, it is frequently
observed that final users find difficult to interpret even basic metrics and indica-
tors. This challenge is often addressed through the use of dashboards and visual-
ization techniques, which graphically represent the data in a more accessible and
intuitive manner. However, emerging techniques require the application of XAl to
enable appropriate interpretation of complex model outputs. In this thesis, result
[R4] addresses the interpretability of performance prediction models by identifying
and explaining the features that contributed to the model’s prediction of whether a
learner would complete a task. This empowers teachers with a clear understanding
of the model’s reasoning and provides the opportunity to analyze learning progress
and intervene if necessary.

From this Ph.D. thesis and its results, four clear avenues are opened to explore
as a continuation of this GBA research line.

F1. Frameworks for scalable design and integration of GBAs

The results of this thesis reinforce the critical role of well-grounded designs in
providing valid and meaningful assessments. A key area of future work involves
the development of frameworks that systematically guide the design of GBAs. This
may include domain-specific games adapted to emerging educational trends, such
as fostering Al literacy or combating disinformation. These frameworks should sup-
port explicit mappings between competencies to be assessed, methodologies, game
mechanics, and the data to be collected, therefore enhancing both validity and scal-
ability.

As part of these frameworks, it is crucial to align game concepts with existing
curricula to facilitate their adoptions by educators, since teachers are still unsure
about how to integrate game activities with the regular curriculum. This underscores
the importance of developing clear implementation strategies that guide how GBAs
can be used effectively in real-world settings. Bridging educational goals with GBA
mechanics through these frameworks would contribute to its broader adoption and
impact across diverse educational contexts.

F2. Deployment of GBAs solutions in real environments

One of the limitations of the interoperable assessment framework developed in
this work is the lack of validation in real environments. In fact, the validation
challenge is commonly reported in the literature, with many studies focusing on
the technical implementation without evaluating the validity or alignment of their
metrics with learning outcomes. Future research could address this gap by deploying
GBAs solutions in real-world environments, enabling the analysis of their validity
through external measures, as well as their usability and accessibility.
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This future research direction directly affects the work conducted in this Ph.D.
thesis: although the metrics and indicators selected for implementation in the in-
teroperable architecture were extracted from previous research, the study did not
conduct validity or reliability tests to ensure that the reported assessments were
trustworthy. Addressing this limitation would strengthen the credibility and appli-
cability of the proposed framework in real-world settings. Validation at multiple
levels, ranging from learning outcome alignment to practical considerations such as
user experience, accessibility, and contextual relevance, would enhance the frame-
work’s robustness and impact.

F3. Human-in-the-Loop (HITL) GBA approaches

The practical labeling tool developed in this dissertation paves the way for HITL
methodologies in the context of GBA, as this tool enables human experts to inter-
act with data, provide annotations, and iteratively refine assessment models. First,
future work could leverage the tool for exploring methodologies that capture com-
plex patterns from labeled data, including the use of more traditional approaches
such as ML, as well as emerging techniques like sequence mining, temporal pattern
recognition, or semi-supervised learning. These methods could support the develop-
ment of sophisticated assessment models capable of inferring knowledge acquisition,
cognitive strategies, or skill development. For example, a case study could cover an
assessment of domain-specific knowledge like mathematics or history, while another
could explore the evaluation of skills like collaboration or creativity.

In parallel, an important aspect to consider is the usability of the tool itself.
Future work could evaluate the usability and efficiency of the labeling tool from
the perspective of annotators and researchers. Comparative studies could also be
conducted to assess the effectiveness of the different visualization methods provided
in the tool, examining which approaches are more efficient in terms of labeling time
and which are better to detect finer details or nuanced patterns in the labeled data.

F4. Multimodal GBAs

The majority of the data used in this research corresponds to log data generated
from player interactions with games. However, GBAs can benefit from incorporat-
ing many different data sources, such as physiological signals (e.g., heart rate, skin
conductance), eye-tracking data, or audio and video recordings. For instance, the
incorporation of physiological signals is already being explored in different rehabili-
tation contexts like upper-limb movement recovery, or to assess cognitive functions
such as attention, memory, and executive control. In addition, the combination of
log data with multimodal data provides access to implicit user states like attention
or stress, which could allow for fine-grained models by offering converging evidence
from multiple sources of data.

Therefore, future work should explore multimodal GBA approaches, considering
not only technical aspects to process heterogeneous data types, but also method-
ological frameworks to model the relationship between observable behaviors and
internal cognitive or emotional states.
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