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Abstract. Game-Based Learning (GBL) and its subset, Board Game-Based Learning (bGBL), are dynamic pedagogical
approaches leveraging the immersive power of games to enrich the learning experience. bGBL is distinguished by its tactile
and social dimensions, fostering interactive exploration, collaboration, and strategic thinking; however, its adoption is limited
due to lack of preparation by teachers and educators and of pedagogical and instructional frameworks in scientific literature.
Artificial intelligence (AI) tools have the potential to automate or assist instructional design, but carry significant open
questions, including bias, lack of context sensitivity, privacy issues, and limited evidence. This study investigates ChatGPT
as a tool for selecting board games for educational purposes, testing its reliability, accuracy, and context-sensitivity through
comparison with human experts evaluation. Results show high internal consistency, whereas correlation analyses reveal
moderate to high agreement with expert ratings. Contextual factors are shown to influence rankings, emphasizing the need to
better understand both bGBL expert decision-making processes and AI limitations. This research provides a novel approach
to bGBL, provides empirical evidence of the benefits of integrating AI into instructional design, and highlights current
challenges and limitations in both AI and bGBL theory, paving the way for more effective and personalized educational
experiences.
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1. Introduction

1.1. Context of the study

This study explores the implementation of gen-
erative artificial intelligence (AI) to facilitate
Game-Based Learning (GBL) and its subset, Board
Game-Based Learning (bGBL), both of which har-
ness the power of games to enhance the educational
experience. The landscape of educational practice is
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evolving towards learner-centered methodologies to
develop relevant competencies and prepare today’s
students, and tomorrow citizens, to a society driven
by rapid and unpredictable transformations. As these
transformative approaches become more prevalent,
they bring with them complex challenges: While the
literature on GBL and bGBL presents a compelling
case for their effectiveness [1–8], translating these
findings into successful implementation in real-world
educational settings has proven difficult [9–13]. Edu-
cators often struggle with the task of designing and
delivering game-based lessons that align with the
evidence-based principles outlined in the literature
[10, 14–16]. The divide between theory and prac-
tice requires careful planning, teacher training, and
ongoing support to bridge the gap effectively [17–
19]. Within this context, we consider the profound
impact of AI in conjunction with GBL. AI has the
potential to revolutionize education by enhancing the
quality of teaching and learning practices, promoting
personalized learning, automating routine tasks and
allowing smart management of classes and resources
[20–30]. In particular, general large language models
(LLM) such as GPT-4 can act as a “swiss knife” to
assist a variety of educational processes. However,
along with ethical and transparency issues, one sig-
nificant question that educators and researchers face
is the reliability and the quality of responses gener-
ated by AI systems in the context of GBL and bGBL.
The issue of prompting and the potential for AI mod-
els to produce erroneous or incomplete information
are valid considerations that can make or break the
success of AI-enhanced education [29–31]. Thus, the
effectiveness of AI-supported GBL hinges on the
ability to provide accurate, relevant, and meaningful
guidance to teachers and learners.

1.2. Game-Based Learning (GBL) and board
Game-Based Learning (bGBL): a
pedagogical and ludic perspective

Game-Based Learning (GBL) and Board Game-
Based Learning (bGBL) are innovative and dynamic
educational methodologies that use games as effec-
tive tools for fostering learning and knowledge
acquisition [32–35]. In GBL digital, video, or table-
top games become a pedagogical medium [36, 37]
that can be leveraged to sustain a variety of edu-
cational scenarios [38–40]. Games can captivate
learners by transforming complex concepts and aca-
demic content into enjoyable challenges and quests
[41]. As learners navigate the game system, they

absorb information, strategize employing critical
thinking and problem-solving skills, often without
even realizing they are actively engaged in complex
learning tasks [42]. This allows for differentiated
instruction, accommodating diverse learning styles
and abilities, and promoting inclusivity in education
[43]. bGBL is a subset of GBL, focusing specifi-
cally on tabletop board games [44] as the educational
catalyst. Board games offer a tactile and social dimen-
sion to the learning experience [45]. Depending on
the game, gameplay is driven by interaction between
player(s) and the physical components of the game,
such as dice, cards, board, or tokens. bGBL promotes
face-to-face interaction, collaboration, and healthy
competition, fostering interpersonal skills and team-
work among learners [46–48]. Moreover, it often
encourages strategic thinking, decision-making, and
the application of knowledge in a real-world context
[6, 49, 50]. bGBL has specific features that distin-
guish it from GBL based upon digital (video)games
(sometimes referred to as vGBL): First, it does
not require any digital device or software, inter-
net access, subscriptions, and/or digital competences
to be implemented [51]. Second, due to the physi-
cal nature of its components, it is easier to modify
or personalize games or components to better align
with instructional or educational goals or to improve
accessibility [52–54] or as a design challenge for
students [38, 55, 56]. Third, board games are trans-
parent systems in that the relationship between the
parts (rules and components) is explicit and vis-
ible to the player, rather than hidden “under the
hood” of the calculator [57], favoring exploration,
reflection, and tinkering [58]. Fourth, game rules are
implemented by players and not the software; this
makes board games more prone to rule misinter-
pretation, which might hamper the game experience
by generating discussion or frustration among play-
ers. Fifth, board games have limitations in terms of
the number of participants and logistics, whereas
vGBL can be easily scaled to reach a wider audi-
ence through online platforms. Sixth, being primarily
based on face-to-face interaction, bGBL is known
to elicit a sense of “togetherness” and “social pres-
ence” [46, 48] which can enhance emotional and
social engagement towards the activity, contributing
to social construction of knowledge [57]. Despite the
specific properties and educational potential of board
games, the scientific literature on game-based learn-
ing has mostly focused on digital games, to the point
of sometimes identifying GBL with vGBL. This is
problematic from a pedagogic point of view since
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most GBL instructional models are tailored on vGBL
and cannot easily be transferred to bGBL due to its
specificities [59]. There are a few notable excep-
tions, such as Weitze’s Smiley Model [60], Sousa’s
MBGTOTEACH framework [61] and Andreoletti
and Tinterri’s GDBL ID model [62], that are con-
structed with the specific needs of bGBL in mind.
However, a few critical steps in bGBL design remain
loosely investigated. Those include defining the spe-
cific goals that can be attained through gameplay and
aligning them with the learning goals of the activ-
ity [63, 64]; personalizing the game of choice to
achieve better constructive alignment with the activ-
ity goals [52, 58, 65–67]; evaluating the efficacy of
play within bGBL [68]; and evaluating and choosing
a board game for the learning activity. Researchers
themselves often preselect or construct the games
used in experiments [58], [69–71]. Indeed, the choice
of the game is both a crucial and complex step in
GBL requiring curricular knowledge, practical peda-
gogical or “school” knowledge, knowledge of board
games, and GBL competences on the teachers’ side
[19]. Thus, clear and comprehensive evaluation cri-
teria are needed to ensure that bGBL serves as a
productive and intentional methodology rather than
a mere diversion [51, 53, 72–74].

1.3. Using game choice to explore the synergy of
board game-based learning and artificial
intelligence

bGBL and artificial intelligence (AI) is a dynamic
convergence that is reshaping the educational land-
scape in profound ways [75–77]. The experiential
nature of games invites active participation, fueling
intrinsic motivation, which is a cornerstone of effec-
tive knowledge acquisition [78]; AI, on the other
side, brings to the table sophistication and person-
alization opportunities [79]. The use of Artificial
Intelligence in the educational context (AIEd) has
represented a growing interdisciplinary field since
the 1970s to improve course design and expected
student outcomes [80]. The sudden diffusion and
large-scale popularity of new tools such as Chat-
GPT, Google Bard, Microsoft Copilot, and others,
represented a turning point in educational practices:
their user-friendly conversational interfaces signifi-
cantly lowered the entry barrier to using AI, allowing
non-experts, including researchers and educators, to
assist a growing range of everyday tasks [27]. Their
main features include large-scale language models,
in-context learning, and reinforcement learning from

human feedback [81]. Even though empirical evi-
dence is still limited, most researchers agree that
generative AI tools, when integrated into a peda-
gogical framework, could improve the effectiveness
of the teaching and learning process: they enhance
the teachers’ ability to discern each learner’s unique
strengths, weaknesses, and pace of learning, tailoring
educational content to suit individual needs [22, 28,
31, 82–84]. Researchers suggest that AI can be used
to assist or automate instructional design [85], assum-
ing a variety of roles according to different steps. We
argue that the same logic can be applied with bGBL
design and we describe potential applications of AI
tools in bBGL design according to the GDBL ID
model, structured upon the popular Analysis, Design,
Development, Implementation, Evaluation (ADDIE)
[91] framework. We defined for each step of the
ADDIE the phases of GDBL and identified potential
roles of AI tools for each phase (Table 1).

AI tools can assist the designer in instructional
steps that are common to all teaching and learning
methods as well as those that are specific to bGBL,
supporting decision-making and helping to cir-
cumvent roadblocks by providing context-sensitive
analysis and suggestions. However, integrating AI in
bGBL design requires teachers to know and under-
stand how AI tools function, how to use such tools in
a critical and responsible manner and understand eth-
ical implications of using AI, a set of competencies
referred to as AI literacy [88, 89]. ChatGPT and sim-
ilar models have known limitations and drawbacks
that must be carefully considered. Those include,
but are not limited, to lack of common sense, lim-
ited understanding of context, possible use of biased
training data, and lack of emotional intelligence [21,
95]. Furthermore, due to their Transformer architec-
ture, which acts by stochastically computing each
next word based on the previous [81, 90], tools like
ChatGPT are “black boxes” in that there is no way
to access the information they were pre-trained on
and, at the same time, it is not possible to know what
sources are used to formulate answers. This is a key
issue that conflicts with current European regulations,
which highlight that AI systems must be “developed
and used in a way that allows appropriate traceability
and explainability, while making humans aware that
they communicate or interact with an AI system, as
well as duly informing deployers of the capabilities
and limitations of that AI system and affected per-
sons about their right” [90, p.25]. With those crucial
issues in mind, from an instructional design perspec-
tive it is therefore important to understand whether
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Table 1
Potential applications of AI tools in bGBL design, based on the ADDIE framework [86] and GDBL ID model [62]

ADDIE Phase of GDBL
model

Description GBL
specific?

Potential role of AI tools Reference

A(nalysis) Analysis of needs Determine students’
characteristics and needs

No Analysis of training needs
and training plan

[90]

D(esign) Learning
outcomes

Expected learning
outcomes in terms of
knowledge, skills, and
attitudes

No Assist definition of
expected learning
outcomes

[31]

Game goals Definition of the goals
attainable through
gameplay

Yes Assist definition of
expected game goals

–

Acceptable
evidence

Quantitative and
qualitative data that can be
obtained to assess learning
outcomes during and after
gameplay

No Concept checking and
exam preparation;
Drafting assistance.

[25]

Game shortlist Selection of a shortlist of
potential games based on
desired characteristics

Yes Propose a list of games
according to desiderata

–

D(evelopment) Game choice and
personalization

Selection and
modification of the game
based on alignment with
context and design goals

Yes Analyze and evaluate
potential games; propose
personalizations

[87]

Instructional
strategies

Define the lesson plan No Curate personalized
learning paths

[90]

I(mplement) Implementation Realize the activity in the
classroom

No Content generation and
translation; real-time
feedback to students
(Chatbots)

[29, 92]

E(valuate) Evaluation and
revision

Evaluate the impact of the
activity and revise

No Providing feedback to
students; Automated
assessment

[20]

general LLM-based AI tools can provide sufficient
advantages to warrant their implementation in bGBL.
To this aim, we defined three key issues that must
be addressed. The first is consistency: given their
stochastic nature, these tools able to provide consis-
tent output or is it excessively variable to be relied
upon? (RQ1). Moreover, the success of AI and bGBL
synergy rests on the ability of AI tools to provide
not only consistent but also accurate answers to the
designer’s questions. We are still in an exploratory
phase of understanding how accurate artificial gen-
eral intelligence answers can be; this is especially
true for complex, open-ended tasks, such as those are
required for the design of bGBL, whereas assessing
the accuracy of the AI tools often relies on expert eval-
uation from humans [92]. Thus, the second question
is: are AI tools able to provide sufficiently accu-
rate game suggestions compared to human experts?
(RQ2). First indications suggest that the accuracy of
the performance depends on the type of challenge

[93–95] and the subject [25], as well as from con-
textual and reinforcement information provided by
the user [29, 96–98]. Still, despite the emergence of
good practices such as defining a persona, structur-
ing key ideas, and using specific rather than general
requests [29, 96, 98, 99], it is not yet clear how con-
textual and reinforcement input should be organized
to maximize output quality and how sensitive the
instrument is to user-provided contextual informa-
tion. This is another key requirement for AI-assisted
bGBL: given specific instructions, are AI sugges-
tions sensible to the educational context? (RQ3).
Thus, the goal of this exploratory study is to evalu-
ate the consistency, accuracy, and context-sensitivity
of ChatGPT as an assisting tool for instructional
designers in Board Game-Based Learning (bGBL).
To this aim, we tested ChatGPT performance on
a specific phase of bGBL, the choice of a board
game for the educational activity (Table 1); the ratio-
nale for this choice is threefold: a) This process is
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specific to GBL (Table 1) b) it is critical for success-
ful bGBL [61]: board games are characterized by
different game mechanisms [100], structures [101],
genres, and themes [102] that allow different kinds of
cognitive, emotional, social and motivational engage-
ment [46, 62], favor different pedagogical approaches
[103], provide different challenges for accessibility
and inclusion [53], and opportunities for internal
assessment of educational goals [68]. The process
of choosing board games, whether for educational
enrichment or sheer entertainment, necessitates a
meticulous evaluation of a multitude of factors. c)
Game choice is often considered by teachers as one of
the most difficult steps in GBL [10, 12, 14, 16, 104] as
they often lack the knowledge of games and the abil-
ity to achieve constructive alignment [65] between
the learning goals and the game activity. When mak-
ing selections, it’s essential to weigh elements like the
intended age group, the number of players, the intri-
cacy of game mechanics, alignment with predefined
learning objectives, and the desired depth of engage-
ment. Thus, automating this process with generative
AI could help overcome one of the main roadblocks
that hampers successful implementation of bGBL.
Therefore, the research questions for this study have
been defined as such:

RQ1: The first research question concerns the con-
sistency of the tool. Are ChatGPT game choices for
a specific learning activity replicable, given the same
instructions?

RQ2: The second research question concerns the
accuracy of the tool. Are ChatGPT game choices
comparable with those provided by human experts?

RQ3: The third research question considers the
context-sensitivity of the tool. Is ChatGPT able to
adapt its game choices according to different didactic
backgrounds and/or disciplines?

2. Materials and methods

To answer these questions, the research was con-
ducted in four steps: definition of the instructional
framework and contextual information; prompt build-
ing and execution; independent expert evaluation;
analysis and data comparison (Fig. 1).

2.1. Definition of the instructional framework
and contextual information

In educational design, crafting meaningful and
impactful learning experiences requires a deliberate

and harmonious alignment of various critical com-
ponents [100]. These components include specific
academic disciplines, dimensions of competence,
the infusion of engaging and immersive playful
scenarios, and the careful selection of pedagogical
approaches. This alignment is the keystone upon
which the effectiveness of educational interventions
is built [101]. We initially defined three “sets” of
contextual elements, each instrumental in providing
an in-depth understanding of the intricate interplay
between these components and how they manifest in
diverse learning environments [102].

1. Background: This column refers to the educa-
tional level or grade, indicating which grade or
level the games are intended for, as well as a
descriptive profiling of the class, including num-
ber and specificities of pupils. Two backgrounds
are included in this study: “Primary - III” and
“Secondary - I,” representing different educa-
tional levels and student profiles. The decision
to choose both a primary school class and a sec-
ondary school class reflects a deliberate effort to
capture the diversity of learners’ needs and abil-
ities across different educational levels. Primary
school students, often at the foundational stage
of their learning, require a different approach to
engage with educational content compared to sec-
ondary school students, who are typically exposed
to more advanced and nuanced subject matter.

2. Disciplines and dimensions of competence: The
column “discipline” specifies the subject or dis-
cipline in which the games are being used. In
this study, “Italian - Fiction” and “Math - Cal-
culation” were used. The column “Dimensions of
Competence” describes the specific skills or com-
petencies that students are expected to develop by
using the chosen games within the disciplinary
setting. In the primary level example, students
are expected to “Recognize various types of text
and their characteristics based on given patterns.”
In the secondary level, students are supposed to
“Connect measurement practices to knowledge
about numbers and operations.”

3. Educational purpose and pedagogical
approach: This column defines the main edu-
cational purpose according to which the game
is played in the context of the activity. We
employed the GBL framework developed by
Thorsten Hangøj [39] to account for the different
goals and purposes of GBL from a teachers’
perspective. The author refers to the work of
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Fig. 1. Summary of the experimental phases.

Gert Biesta [59], who defines three fundamental
purposes of education, namely qualification,
socialization, and subjectification, to identify
the possible educational purposes of a GBL
scenario. Each of these purposes plays a unique
role in shaping the educational process and the
development of learners, and evidence suggests
that board games can contribute towards such
aims:
(a) Qualification aims to equip learners with

knowledge, skills, and attitudes to perform
specific tasks. Board games allow the acqui-
sition of domain-specific knowledge [48],
executive functions [4], and high-level skills
such as computational thinking [50] or man-
agement [71].

(b) Socialization aims to integrate individuals
into specific social, cultural, and political
contexts. Board games allow the devel-
opment of social and collaborative skills
[48, 57].

(c) Subjectification fosters independence and
individual identity outside established social
norms. Board games can foster metacognitive
reflection [58], promote speaking skills, and
might improve self-mastery [49].

In Hangøj’s model, the teacher can adopt different
pedagogical approaches that can significantly impact
the learning experience in GBL:

1. Ludic: The teacher primarily sees games as a fun
experience where students find opportunities for

self-expression. Emphasizes enjoyment and cre-
ative expression and its main purpose is to make
learning enjoyable.

2. Drill and skill: The teacher views the game expe-
rience as an opportunity for the production and
reproduction of knowledge through repetition. It
reinforces existing knowledge and skills and its
aim is skill-building.

3. Pragmatic: The teacher approaches the game to
simulate aspects of real problems or situations,
developing situated knowledge. It helps connect
game environments to real-world applications and
encourages practical application.

For this study, the “Drill and Skill” and “Pragmatic”
approaches are linked to the “Socialization” pur-
pose, whereas the “Drill and Skill” and “Explorative”
approaches are tied to the “Qualification” purpose.
The eight Learning Units (LU) obtained by combin-
ing the three “sets” that constitute the pedagogical
framework used in this case study are shown in Table
2.

The choice of competence dimensions, playful sce-
narios, and pedagogical approaches in educational
settings is closely related and should be carefully
aligned to create an effective and engaging learning
experience. Here’s how they are interconnected:

1. Alignment: The competence dimensions are the
learning objectives. The educational purpose and
pedagogical approaches provide a context in
which these objectives can be practiced and
applied. For instance, in the “PRIMARY - III”
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Table 2
Outline of the combinatorial approach for the definition of the Learning Units (LU) used in this case study. Each LU is a unique

combination of the three “sets” that constitute the pedagogical framework developed for the study

SET 1 SET 2 SET 3 Background Disciplines Dimensions of
competence

Primary - III ITALIAN -
FICTION

Recognize various types of text and their
characteristics based on given patterns.

Qualification Drill and
Skill/Explorative

LU1

Primary - III ITALIAN -
FICTION

Recognize various types of text and their
characteristics based on given patterns.

Socialization Drill and
Skill/Pragmatic

LU2

Secondary - I ITALIAN-
FICTION

Recognize various types of text and their
characteristics based on given patterns

Qualification Drill and
Skill/Explorative

LU3

Secondary - I ITALIAN-
FICTION

Recognize various types of text and their
characteristics based on given patterns

Socialization Drill and
Skill/Pragmatic

LU4

Secondary - I MATH -
CALCULATION

Connect measurement practices to
knowledge about numbers and operations.

Qualification Drill and
Skill/Explorative

LU5

Secondary - I MATH -
CALCULATION

Connect measurement practices to
knowledge about numbers and operations.

Socialization Drill and
Skill/Pragmatic

LU6

Primary - III MATH -
CALCULATION

Connect measurement practices to
knowledge about numbers and operations.

Qualification Drill and
Skill/Explorative

LU7

Primary - III MATH -
CALCULATION

Connect measurement practices to
knowledge about numbers and operations.

Socialization Drill and
Skill/Pragmatic

LU8

level, students are learning to recognize various
types of text. The educational purpose of “Social-
ization” can be used to encourage students to
practice this skill by engaging in social interac-
tions that involve different types of text.

2. Pedagogical strategies: The pedagogical
approaches describe how the educational content
is delivered. The approaches should be chosen to
support the achievement of competence dimen-
sions according to the main educational purpose.
In the “Secondary - I” level, the “Explorative”
pedagogical approach can be used to encourage
students to explore mathematical concepts with
the purpose of “Qualification,” where they
connect measurement practices to numbers and
operations.

3. Engagement and relevance: The use of board
games adds an element of fun and relevance to
the learning process. When competence dimen-
sions are taught within a context that students
find enjoyable and meaningful, it can lead to bet-
ter engagement and retention of knowledge and
skills.

4. Assessment: The choice of pedagogical
approaches can also impact how students’
progress is assessed. The assessment methods
should align with the chosen competence dimen-
sions and the playful scenario. This ensures that
students are evaluated based on their ability to
apply their knowledge and skills in a context
relevant to the playful scenario.

In the context of the research at hand, a careful and
judicious approach was taken to curate a selection
of five board games based on a rigorous set of crite-
ria. The selection process focused on games that not
only enjoyed widespread recognition and acclaim but
were also well-understood and endorsed by experts in
the field. The researchers undertook a detailed exam-
ination of the main characteristics of chosen games
[62,103], summarized below according to the main
characteristics of board games: Title, theme, struc-
ture, genre, and main mechanisms of the game (Table
3).

To evaluate the effectiveness of games as educa-
tional tools, it becomes imperative to establish a set
of evaluation criteria. In our illustrative case, we have
defined five such criteria:

– Accessibility provided internally by the game:
Measures how easy it is for students to access
the resources and rules of the game. This met-
ric not only measures the ease of entry into the
educational gaming experience but also deter-
mines how readily learners can engage with its
components.

– Setting (time needed to prepare and play the
game): Measures how long it takes to start and
complete a game. This factor is vital in under-
standing whether the game can be seamlessly
integrated into the curriculum without consum-
ing excessive time, ensuring that it aligns with
educational objectives.
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Table 3
Characteristics of the board games examined. This table offered insights into the essential characteristics of each game, including thematic

elements, activated game mechanics, genre categorization, and internal structural intricacies, as defined in [62]

Game Theme Structure Genre Mechanism

Carcassonne Medieval Multiplayer Family, Eurogame Tile placement, area control

Codenames Espionage Two-team game Party game, Family Word association, deduction,
team-based play

Concept Abstract; Communication Multiplayer Party game, Family Deduction, pictorial
communication

Dixit Abstract, Imagination Multiplayer Party game, Family Storytelling, voting

Pandemic Global Epidemic Cooperative Strategy, Family Hand management, set
collection, action points

– Content (use of thematic knowledge to address
the challenges of the game or mere accessory):
Examines whether the thematic content of the
game contributes to learning or is only a super-
ficial aspect.

– Learning curve Assesses how easy it is for learn-
ers to learn to play the game and develop skills
over time. It is pivotal in determining whether
the game caters to a broad spectrum of learners,
from novices to those seeking more advanced
challenges, or if it alienates a significant portion
of its intended audience.

– Opportunities to assess standards of success:
Determines if the game provides opportu-
nities for students to assess their success
against the learning objectives and competence
dimensions. This feature assesses the game’s
capability to foster self-assessment and align-
ment with educational goals.

These criteria serve as a shared yardstick, both for
experts in the field and for ChatGPT, when ranking
the usefulness of games within various educational
contexts. The use of a scale from 1 to 5 empowers us
to quantitatively assess the efficacy of these games in
the educational domain. Starting from this framework
and these evaluation criteria, the experimentation on
ChatGPT and with experts was then activated.

2.2. Prompt building and execution

The researchers first set up a prompt to obtain game
rankings from ChatGPT as follows: the first prompt
set up the persona [98], provided specific information
concerning the task [96] and, using a numbered list,
indicated the content that would be provided in suc-
cessive prompts, including the definition of playful
scenarios, pedagogical approaches, the board games
to be ranked, the criteria for board game evaluation,
and the two educational contexts. Furthermore, we

provided in successive prompts the characteristics of
each LU. A summary of the prompts used to obtain
answers from ChatGPT are presented in Fig. 2.

2.3. Independent expert evaluation

The collaborative evaluation of bGBL strategies
featured the integration of ChatGPT with a panel of
three expert evaluators [104], each of whom pos-
sessed a wealth of domain-specific knowledge and
extensive experience in the realm of instructional
design and bGBL. These experts were selected to
bring their unique insights and specialized under-
standing to the assessment process, ensuring a
comprehensive and informed evaluation. The experts
were provided with the same information (educa-
tional context, description of the framework and
clarification of the main terms) that were inserted in
ChatGPT prompts. The evaluation process entailed
the use of a blind Excel file, which served as a
standardized platform for assessing the bGBL strate-
gies. Within this Excel file, experts had to rank, for
each LU, the games from least to most suitable for
the activity, as well as providing a short motivation
for their choices based on assessment criteria. This
approach allowed for a clear and systematic compar-
ison of the strategies.

2.4. Analysis and data comparison

To measure the internal consistency of ChatGPT
(RQ1), we pooled the rankings given to LUs for pair-
wise comparison. We first analyzed the correlation
between the results obtained by three single runs on
the same account. The first two runs were obtained
by using the “regenerate answer” option. The third
run was obtained by running a different chat, with
the same prompts as the former. To measure exter-
nal consistency, we ran this process on two different
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Fig. 2. The table shows the user messages provided to ChatGPT
to obtain game rankings for each LU.

accounts. We averaged the results obtained by the
three runs on the same account, obtaining an ensem-
ble (a new ranking based on the averaged results);
then, we compared the ensembles obtained by the two
accounts. To provide a measure of consensus between
ChatGPT and between the experts’ evaluation (RQ2),
we first measured disagreement between individual
experts (Table 6). Then, we pooled together experts
ranking for each LU and compared it with the Ensem-
ble ranking obtained from ChatGPT. Then, we pooled

together experts ranking for each LU and compared it
with the Ensemble ranking obtained from ChatGPT.
We used Spearman’s Rank correlation and Kendall’s
Tau correlation; both are commonly used rank-based
coefficients used to assess monotonic relationship
between ordinal data. Spearman’s method measures
the pairwise disagreements between two rankings
[105], whereas Kendall’s Tau focuses on the con-
cordance between pairs of observations [106]. The
test output is in both cases a value that lies on a
scale from minus 1 to 1,where values of 1, minus
1, and 0 signify a perfect positive relationship, a
perfect negative relationship, and no overall ordi-
nal relationship at all, respectively [107]. Generally,
values between 0.9 and 1 are considered very high,
between 0.7 and 0.9 high, and values between 0.4
and 0.7 moderate positive relationships [108]. We
also used Kemeny distance, a measure based on
the assumption that voters have the same probabil-
ity of comparing correctly two alternatives [109],
to measure disagreement as the minimum number
of pairwise swaps needed to transform one ranking
into the other. This approach enables cross-validation
of results, enhancing the reliability and validity in
assessing the consistency between game rankings.
To measure the context-sensitivity of ChatGPT and
experts (RQ3), we matched the ensemble rankings
of both ChatGPT and experts’ rankings according to
the dimension investigated. We formed pairs of LUs
to isolate and investigate specific dimensions (e.g. to
investigate the “background” dimension, LU1 was
paired with LU3, LU2 was paired with LU4, and so
on; to investigate the “discipline” dimension, LU1
was paired with LU7, LU2 with LU8, and so on; etc.)
and used the degree of discordance among ratings as
an indicator of context-sensitivity. Statistical analy-
sis was performed using Google Colab; ChatGPT was
used to assist the generation of Python code, which
was tested and verified by an independent expert.

3. Results

We first analyzed the internal consistency of the
answers provided by ChatGPT. To this aim, for each
LU we calculated the ensemble score by averaging
the repeat rankings obtained within the same account,
repeating the analysis for two different accounts
(Ensembles 1 and 2). For each LU, we show the
average ranking (with standard deviation in paren-
theticals) and the Kemeny distance indicating total
disagreement within each account (Table 4).
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Table 4
The table shows the ensemble rankings for two ChatGPT accounts. Ensemble 1 is the average of runs 1-3, Ensemble 2 is the average of
runs 4-6. Kemeny distance shows disagreement between pairs of runs (Run 1-Run 2; Run 1-Run 3; Run 2-Run 3 for Ensemble 1; Run

4-Run 5; Run 4-Run 6; Run 5-Run 6 for Ensemble 2) which are indicated between parentheticals

Context GPT
Ensemble

Carcassonne Codenames Concept Dixit Pandemic Kemeny distance (d)

LU1 1 2 (±0) 4 (±1) 3.7 (±0.6) 4 (±0.6) 1 (±0) (2+4+4) = 10
2 2 (±0) 3.3 (±0.6) 4 (±1) 4.7 (±0.6) 1 (±0) (4+2+2) = 8

LU2 1 2 (±0) 4.3 (±0.6) 3 (±0) 4.7 (±0.6) 1 (±0) (2+2+0) = 4
2 2 (±0) 3.7 (±0.6) 3.3 (±0.6) 5 (±0) 1 (±0) (0+2+2) = 4

LU3 1 2 (±0) 5 (±0) 3.3 (±0.6) 3.7 (±0.6) 1 (±0) (0+2+2) = 4
2 2 (±0) 3.7 (±0.6) 3.3 (±0.6) 5 (±0) 1 (±0) (0+2+2) = 4

LU4 1 2 (±0) 5 (±0) 3.7 (±0.6) 3.3 (±0.6) 1 (±0) (2+0+2) = 4
2 2 (±0) 4 (±0) 3 (±0) 5 (±0) 1 (±0) 0

LU5 1 5 (±0) 2.7 (±0.6) 3 (±1) 1.3 (±0.6) 3 (±1.7) (2+6+6) = 14
2 5 (±0) 3 (±0) 2.3 (±0.6) 1.3 (±0.68) 3 (±1.7) (6+6+0) = 12

LU6 1 4.3 (±0.58) 2.3 (±0.6) 2.7 (±0.6) 1 (±0) 4.7 (±0.6) (0+4+4) = 8
2 5 (±0) 3 (±0) 2 (±0) 1 (±0) 4 (±0) 0

LU7 1 5 (±0) 2.3 (±0.6) 3.3 (±0.6) 1.3 (±0.6) 3 (±1.7) (0+6+6) = 12
2 5 (±0) 3 (±0) 2 (±0) 1 (±0) 4 (±0) 0

LU8 1 5 (±0) 2.3 (±0.6) 3.3 (±0.6) 1.7 (±0.6) 3.7 (±1.7) (0+6+6) = 12
2 5 (±0) 3 (±1) 2 (±0) 1 (±0) 4 (±0) 0

For Ensemble 1, we observed strong agreement on
game rankings when using the “Regenerate answer”
(run 1-2, tau = 0.91, p < 0.001; rho = 0.95, p < 0.001,
d = 8) and moderate agreement when comparing out-
put from two different chats (run 1-3, tau = 0.57,
p > 0.001; rho = 0.642, p < 0.001; d = 31; run 2-3,
tau = 0.57, p = 0.001; rho = 0.64, p < 0.001; d = 31).
In Ensemble 2, we observed strong agreement both
within the same chat (run 4-5, tau = 0.81, p < 0.001;
rho = 0.86, p < 0.001; d = 12) and different chats
(run 4-6, tau = 0.83, p < 0.001, rho = 0.88, p < 0.001,
d = 13; run 5-6, tau = 0.88, p < 0.001; rho = 0.93,
p < 0.001; d = 9). Thus, we observed significant pos-
itive agreement in repeated runs from the same
account, going from moderate to very strong, indicat-
ing good internal consistency of ChatGPT answers.
For external consistency, we compared the agree-
ment between Ensemble 1 and Ensemble 2. We
found significant, moderate agreement (tau = 0.67,
p < 0.001; rho = 0.77, p < 0.001; d = 26) between the
two ensembles, suggesting that, when provided the
same prompt, repeated ChatGPT answers are suf-
ficiently consistent across different accounts but
subject to variability. The second research question
aimed to understand whether ChatGPT rankings were
accurate compared to human experts. To this aim,
three external evaluators, all competent with the five
games provided, were provided with the same infor-
mation as ChatGPT and asked to rank the games
anonymously and independently according to the dif-
ferent combinations. There was significant, moderate

agreement among evaluators’ rankings (Evalua-
tor 1-Evaluator 2: tau = 0.48, p < 0.001; rho = 0.56,
p < 0.001; d = 34; Evaluator 2-Evaluator 3: tau = 0.37,
p = 0.004, rho = 0.43, p = 0.005, d = 39; Evalua-
tor 1-Evaluator 3: tau = 0.68, p < 0.001, rho = 0.77
p < 0.001, d = 23). However, some context/scenario
combinations elicited more disagreement than others:
for instance, in Primary III/Italian-Fiction, all three
evaluators chose a different game as first choice: Con-
cept, Dixit and Codenames received one first-place
ranking each; in general, LUs with Primary III con-
text elicited more disagreement from evaluators than
Secondary I. The mean rankings obtained for each
LU (standard deviations in parentheticals), along with
the Kemeny distance indicating total disagreement
between evaluators, are shown in Table 5.

From the average ranking of the evaluators, we
obtained a pooled ranking for each LU and com-
pared it with the Ensemble ranking obtained from
ChatGPT. A comparison of the pooled rankings
obtained by AI and evaluators is shown, together
with Kemeny distance measuring total disagree-
ment (Table 6). Overall, ChatGPT rankings have
a moderate positive correlation with experts rank-
ing (tau = 0.477, p < 0.001; rho = 0.59, p < 0.001),
indicating that ensembled ChatGPT rankings are rea-
sonably accurate with respect to expert evaluation,
although accuracy varies according to the specific
LU.

The third research question concerns the sensi-
tivity of ChatGPT to contextual information. For
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Table 5
The table compares the mean rankings from bGBL experts for the eight LUs examined. Data are presented as mean ± standard deviation.

Kemeny distance shows total disagreement between individual raters (Evaluator 1-Evaluator 2; Evaluator 1-Evaluator 3; Evaluator
2-Evaluator 3), indicated in parentheticals

Context Carcassonne Codenames Concept Dixit Pandemic Kemeny distance (d)

LU1 1.7 (±0.6) 3.3 (±1.6) 4.3 (±0.6) 4 (±1) 1.7 (±1.2) (4+6+8) = 18

LU2 1.3 (±0.6) 4.7 (±0.6) 3.7 (±0.6) 2.7 (±0.6) 2.7 (±2.1) (2+6+8) = 16

LU3 1 (±0) 3 (±0) 5 (±0) 2.7 (±0.6) 3.3 (±1.2) (4+4+0) = 8

LU4 1 (±0) 4.3 (±1.2) 3.7 (±1.2) 2 (±0) 4 (±0) (4+0+4) = 8

LU5 5 (±0) 3 (±0) 1.3 (±0.6) 1.7 (±0) 4 (±0) (2+0+2) = 4

LU6 4.7 (±0.6) 3.3 (±0.6) 1.3 (±0.6) 1.7 (±0) 4.3 (±0.6) (4+3+3) = 10

LU7 5 (±0) 2 (±1.7) 3 (±0) 2 (±0) 3 (±1.7) (6+0+6) = 12

LU8 4.3 (±0.6) 3 (±1) 2.3 (±1.2) 1.7 (±0.6) 3.7 (±2.3) (8+4+8) = 20

Table 6
The table compares the pooled rankings from ChatGPT and the pooled rankings of bGBL experts for the four didactic contexts examined.

Kemeny distance shows total disagreement between the pooled rankings from ChatGPT and bGBL experts for each LU

Context Carcassonne Codenames Concept Dixit Pandemic Kemeny distance (d)

LU1 ChatGPT 2 3 4 5 1 3
Evaluators 2 3 5 4 2

LU2 ChatGPT 2 4 3 5 1 7
Evaluators 1 5 4 3 3

LU3 ChatGPT 2 5 3 5 1 10
Evaluators 1 3 5 2 4

LU4 ChatGPT 2 5 3 4 1 6.5
Evaluators 1 5 3 2 4

LU5 ChatGPT 5 4 2 1 4 3
Evaluators 5 3 1 2 4

LU6 ChatGPT 5 3 2 1 4 2
Evaluators 5 3 1 2 4

LU7 ChatGPT 5 2 2 1 4 3
Evaluators 5 2 4 2 4

LU8 ChatGPT 5 3 2 1 4 0
Evaluators 5 3 2 1 4

the “Background” dimension, ChatGPT paired LUs
show a moderate positive correlation (tau = 0.56,
p = 0.002, rho = 0.64, p < 0.003, d = 14), indicating
that the software slightly adjusted its ranking accord-
ing to the background; for comparison, experts
show a similar tendency, although with a slightly
lower correlation (tau = 0.42, p = 0.022, rho = 0.518,
p = 0.02, d = 20). For the “discipline” dimension,
ChatGPT shows a moderate negative correlation
(tau = –0.39, p < 0.03; rho = –0.54, p = 0.01; d = 44)
indicating that its ranking decisions were strongly
dependent on the discipline, so that games that
were ranked high for Italian tended to receive a
low rating for Mathematics, and vice versa. Experts
ranking also show a similar tendency, although in
this case the negative correlation was not statis-
tically significant (tau = –0.32, p = 0.08; rho = 0.41,
p = 0.07; d = 36). Finally, for the “educational pur-
pose/pedagogical approaches” dimension, ChatGPT

showed a strong correlation between matched LUs
(tau = 0.726, p < 0.001; rho = 0.797, p < 0.001, d = 10)
suggesting that its rankings were only slightly influ-
enced by this dimension. Once again, this tendency
is similar to the behaviour of human evaluators,
whose ratings for LUs differing for the playful
scenario/pedagogical approach show moderate to
strong correlation (tau = 0.59, p < 0.001; rho = 0.705,
p < 0.001; d = 14). Taken together, these results
suggest that both ChatGPT and human evalua-
tors modify their ranking according to contextual
factors, that they seem to weight similarly the influ-
ence of different dimensions in their rankings, and
that among the dimensions examined in this study
“discipline” seem to be by far the most influ-
ential for both human evaluators and ChatGPT,
although experts seem to factor in slightly more
the other dimensions. These results are summarized
in Fig. 3.
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Fig. 3. A visual indication of the influence of contextual elements
in board game rankings by ChatGPT and experts. The graph rep-
resents Spearman’s rank correlations from 1 (origin) to -1 (outer
circle). The higher the correlation, the lower the estimated inci-
dence of the dimension on the ranking decision.

4. Discussion

In this study, we analyzed crucial properties of
ChatGPT for the task of automating board game-
based learning (bGBL): consistency (RQ1), accuracy
(RQ2), and context-sensitivity (RQ3). We found that
the current version of ChatGPT is not entirely con-
sistent. Given the same prompts, the software tends
to provide overall similar answers within the same
chat, across different chats and different accounts.
Still, there is a certain degree of variability that can-
not be explained within the confines of the current
study. It is important to acknowledge the limitations
and fallibility of AI tools to “address the impact
of dogmatic overconfidence in possibly erroneous
suggestions” generated by large language models
[97]. The potential inconsistency of AI-generated
answers is a significant problem for the automa-
tion of bGBL design; further research is needed to
understand whether the variability observed can be
addressed by reducing the complexity of open tasks,
for instance by providing more accurate and analytic
prompts, in addition to generate ensemble answers
by repeating prompts in different conditions (regen-
erating answers, running separate chats, repeating the
prompts on multiple accounts). Due to the design of
the study, this result is subject to several limitations:
for instance, we limited the analysis to only one gen-
eral AI tool, Open AI’s ChatGPT with GPT-4 model.
It is likely that using different models, such as GPT-
3.5, Anthropic Claude, or Google Bard could have led

to significantly different results. Furthermore, GPT-
4 being a premium, paid-for tool, coupled with its
“black-box” nature, suggest that alternative AI mod-
els more in line with European regulations on the
use of AI in education [91] should be explored in
the future. Second, our study indicates that, when
provided with similar background information, Chat-
GPT can produce board game recommendations that
are comparable with those of bGBL experts. The eval-
uation of a game for a bGBL activity is a complex,
open-ended decision; as would be expected given the
difference in experience, background, and individual
preferences, even experts’ rankings were consistent
but not overlapping, as each expert considers and
values the given criteria differently. Still, when com-
paring the pooled answers from both experts and
ChatGPT, we observed a significant correlation, sug-
gesting that ChatGPT can be considered accurate
enough to assist the choice of games for bGBL activ-
ity. To further validate this claim, we investigated
how the choices of the chatbot were influenced by
the instructional context and examined how it com-
pared with human evaluators. Context was provided
through a combinatorial set of didactic backgrounds,
disciplinary contents, and educational purposes cou-
pled with the relative pedagogical approaches. By
matching the rankings for contexts (LUs) that dif-
fered for only one of those factors, we observed
that the software can modify its choices according to
the variables provided. Although we cannot exclude
that the internal variability of ChatGPT accounted
for part of the differences observed, the extent to
which the rankings varied according to contextual
factors was surprisingly similar to that of human
experts (Fig. 3). Game evaluations were strongly
influenced by the discipline dimension, whereas
the class background and the scenario/pedagogical
dimensions altered evaluators’ ranking less dramat-
ically. However, it is important to highlight the
experimental constraints that limit the generalization
of these results. First, given the still-evolving liter-
ature on prompting techniques, and the exploratory
nature of the study, the construction of prompts might
have introduced biases in ChatGPT answers. In par-
ticular, the background information was provided via
two long, descriptive prompts (Fig. 2), whereas infor-
mation concerning the pedagogical scenarios and
approaches was more analytic and information on
the discipline was provided very synthetically. Since
we currently have little knowledge on how Chat-
GPT incorporates contextual information produced
by the user, we cannot exclude that this influenced
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the results obtained. A limitation of this study is
that we did not compare results produced with dif-
ferent prompting techniques. Second, the need for
competent external evaluation to assess the accuracy
of AI choices influenced the experimental setup: all
experts were experienced in using GBL in school,
orienting the definition of background to real school
cases, and limiting the choice to five games that
all experts were competent with. Codenames, Con-
cept and Dixit are all family-oriented, language-based
games, whereas Carcassonne and Pandemic focus on
different processes (spatial reasoning and cooperative
decision-making, respectively) and share consider-
ably less similarities than the three former games.
This might have contributed to the bias towards the
discipline dimension observed in game ranking. Fur-
thermore, given that all games share a similar level
of complexity (with the partial exception of Pan-
demic, slightly more complex than the other games),
this might have limited the influence of background
factors. Further studies will be needed to assess Chat-
GPT ability to select and evaluate games when given
a wider range of educational contexts and less restric-
tive choices. A third issue is the lack of evidence and
guidance in the literature for critical aspects of GBL,
and bGBL, instructional design: current limitations
include lack of: a) a clear definition of the multi-
faceted educational goals that can be achieved with
games, b) guidance towards the achievement of con-
structive alignment between learning goals and game
goals, c) criteria for selecting and evaluating specific
games, as well as the related question of linking spe-
cific board game mechanisms with learning processes
(see, for GBL, the LM-GM model by Arnab et al.
[110], discussed in the context of bGBL by Abbott
[52]) and d) identifying opportunities and tools for
internal and external assessment. Addressing those
issues is instrumental to achieve a better understand-
ing of the factors that bGBL designers must consider
for operating their choices, in turn providing better
instruction to AI tools to assist on bGBL design. The
criticalities that emerge from our analysis can be at
least in part overcome by developing more operative
instructional frameworks for bGBL. Despite those
limitations, our study provides a strong indictment
towards the potential of AI-assisted bGBL, support-
ing its unexplored potential for facilitating other
difficult instructional steps in bGBL. This synergy
will provide double benefits: in the first place, it will
facilitate the adoption of bGBL in formal education
settings, such as the school and the university, stream-
lining teacher training processes and instructional

design tools. In turn, this will help the recognition
and appreciation of games in education not just for
their engagement and motivational properties, but as
true learning environments for the development of
significant knowledge, skills, and competencies [17,
49]. In the second place, it will facilitate the use of
AI tools to assist instructional design by generating
more consistent, context-sensitive, and accurate sug-
gestions.

5. Conclusion

In the realm of educational technology and game-
based learning (GBL), the use of generative AI tools
to assist in the instructional design of board game-
based learning (bGBL) and GBL on a broader scale
represents a pioneering endeavor. As far as our cur-
rent knowledge extends, this comprehensive analysis
marks the first significant foray into exploring this
synergy, specifically in the context of board games.
This trailblazing work has profound implications for
the future of educational design and technology inte-
gration, shedding light on uncharted territory; indeed,
this study not only offers a novel perspective, but
also exposes the hitherto underutilized potential of
generative AI in shaping educational methodologies.
It underscores that AI has the capacity to act as
a transformative force in addressing the challenges
that have historically hindered the effective imple-
mentation of GBL, including the creation of tailored
content, scalability, and the need for personalized
learning experiences. One of the study’s implications
is the need for the development of a comprehensive
and integrated framework for instructional design
in the context of board game-based activities. This
framework would not only facilitate the seamless
integration of AI but also offer a roadmap for design-
ing educational experiences that harness the intrinsic
appeal of board games for effective learning. In con-
clusion, the study’s findings, while acknowledging
its inherent limitations, showcases the tantalizing
potential of AI and GBL to work in harmony, comple-
menting each other’s strengths. This synergy can pave
the way for more effective, efficient, and personalized
educational experiences.
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