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Abstract. As machine learning (ML) instruction is dramatically widened its au-

dience, new tools and methods are needed to allow an effective comprehension 

also by students without a strong mathematic/programming background, who 

may have more difficulty in districting among the fundamental theoretical con-

cepts. To address this gap, we propose MLopoly, a Monopoly-inspired serious 

game designed to support interactive and experiential learning of core ML topics. 

The game maps decision-making challenges across realistic scenarios (e.g., res-

taurant, farm, bank) where players iteratively build, tune, and evaluate ML mod-

els. Game mechanics such as property upgrades, rent calculations, and challenge 

cards are directly tied to players’ performance on ML tasks. We discuss game 

design, gameplay dynamics and implementation issues, A preliminary validation 

study has been carried out conducting a 20-item questionnaire based on Bloom’s 

Taxonomy and Attention, Relevance, Confidence, and Satisfaction (ARCS) Mo-

tivation Model to assess learning and motivation. Results indicate that MLopoly 

offers an engaging, low-barrier environment for understanding and applying ML, 

also encouraging disciplinary deepening of the covered topics.  

Keywords: Serious game design, Machine Learning teaching Decision Trees, 

Monopoly, Hyperparameter Tuning 

1 Introduction 

As Machine Learning (ML) has become a highly-valued and attractive academic disci-

pline, state of the art gaming technologies offer an opportunity to motivate, introduce 

and support students, complementing instructional tools and methods [1, 2]. An abstract 

and technical approach to fundamental concepts (e.g., classification, model training, 

overfitting, and hyperparameter tuning) may be overwhelming for beginners and dis-

courage engagement, forming a barrier to the discipline. 

By embedding gameplay elements such as challenges, feedback, choice, and immer-

sion into the learning process, serious games create an experiential and motivating con-

text for grasping complex ideas [3]. This approach is valuable for STEM disciplines, as 

learners benefit from safe, iterative experimentation and the ability to visualize and 

manipulate key concepts in action. 

We introduce MLopoly, a Monopoly-inspired serious board game designed to teach 

fundamental ML concepts, the first release focuses on the Decision Tree algorithm - 
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through interactive gameplay. MLopoly aims to become a pleasant tool, useful for stu-

dents by allowing them to directly engage with fundamental, abstract concepts like 

model complexity, data splitting, overfitting, and hyperparameter tuning in a playful 

and intuitive environment. To advance in the game, players are called to manage a thor-

ough machine learning workflow process, progressing through data collection, training, 

validation, and testing phases, tuning their models and observing performance across 

various application scenarios. 

MLopoly uses tangible metaphors to make abstract ML concepts concretely appli-

cable and meaningful. For example, players acquire and upgrade model “properties”, 

use Decision Cards to adjust model parameters, and earn performance scores as feed-

back. In this way, the game leverages the motivational and cognitive benefits of game-

based learning to improve understanding and retention of ML concepts. In the follow-

ing, we present the design rationale, implementation, and evaluation of MLopoly. Sub-

mitting a questionnaire based on Bloom’s Taxonomy and Attention, Relevance, Confi-

dence, and Satisfaction (ARCS) Motivation Model, we assessed the game effectiveness 

in helping players internalize key ML principles through structured gameplay and com-

pelling decision-making. 

2 Related Work 

Typical ML education - often lecture- or code-based – may be too abstract and difficult, 

particularly for students without strong programming or math backgrounds [1]. To ad-

dress these limitations, researchers have increasingly explored serious games as engag-

ing alternatives for teaching AI and ML concepts. 

One example is the Learn to Machine Learn project by Voulgari et al. [1], which 

developed ArtBot [4], a narrative-based game that introduces supervised and reinforce-

ment learning to younger students. ArtBot emphasizes algorithmic transparency and 

student engagement through interactive, visually guided feedback and simplified deci-

sion trees. 

Other games, like ViPER [5], also aim to foster AI literacy but tend to abstract away 

algorithmic detail, offering limited direct interaction with parameters or evaluation met-

rics [1]. As a result, key applied concepts such as hyperparameter tuning, model eval-

uation (e.g., F1-score, RMSE), or regression/classification strategies remain underex-

plored in current ML game-based curricula. 

Beyond digital platforms, Monopoly-style board games have been adapted to edu-

cational settings, such as psychology and finance, to facilitate learning through struc-

tured play [6, 7]. Among these, REV-OPOLY [8] stands out for incorporating Aug-

mented Reality and multiplayer elements to enhance engagement and knowledge reten-

tion. Students reported high satisfaction and improved outcomes compared to tradi-

tional revision methods [7]. 

Building on these foundations, MLopoly is introduced as a serious board game de-

signed to teach core ML concepts, particularly decision trees, through scenario-based 

challenges (e.g., restaurant, bank, farm). Unlike prior work, MLopoly integrates active 

hyperparameter control (e.g., max_depth, min_samples_split), iterative model testing, 

and domain-specific feedback mechanisms. It distinguishes itself from ArtBot by ena-

bling deeper model tuning, and from REV-OPOLY by embedding evaluation metrics 
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and diagnostic feedback into its gameplay loop. In doing so, MLopoly addresses a crit-

ical gap in ML education: providing students not just with conceptual familiarity, but 

hands-on, structured experience in model development and tuning within an accessible 

game format. 

3 Game design & Methodology 

3.1 Game Structure and Metaphor 

Each side of the board is explicitly linked to a specific business domain (restaurants, 

farms, supermarkets, banks) (See Fig. 1), and each domain is directly associated with 

both a machine learning task and the tuning of a particular hyperparameter. For exam-

ple, the restaurant side involves a regression task where the key focus is adjusting the 

max_depth parameter of a decision tree. 

This mapping was designed to provide players with concrete challenges while sim-

ultaneously linking gameplay to the effect of hyperparameters on different ML tasks. 

In this way, each business context serves not just as a thematic setting, but as an acces-

sible metaphor to illustrate how changes in model configuration impact performance 

outcomes. All sides with their machine learning task and particular hyperparameter are 

listed below: 

• Regression with max_depth (restaurants) 

• Classification with max_depth (farms) 

• Regression with min_samples_split (supermarkets) 

• Classification with min_samples_split (banks) 

 

 

Fig.1. The MLopoly board 
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The ownership and upgrade systems are directly tied to how well the player understands 

and applies machine learning concepts. Performance is not based on luck or capital 

alone, but on measurable understanding and practical modeling decisions. 

MLopoly simulates a machine learning workflow, embedding regression and classi-

fication tasks into the different domain-themed tiles. When landing on a tile, players 

are presented with a structured ML problem relevant to the domain, either a regression 

(e.g., predicting customer return frequency based on features) or classification task 

(e.g., predicting crop success based on soil and rainfall conditions). 

Each challenge prompts players to build and tune a Decision Tree model (See Fig. 

2), initially with default hyperparameters (e.g., max_depth = 2). Based on their deci-

sions, the game provides immediate feedback using performance metrics relevant to the 

task type, such as RMSE for regression or F1-score/confusion matrix for classification. 

(Fig. 3)  

 

 

Fig.2. Tuning hyperparameters through Q&A 

 

Fig.3. Feedback on the player’s choices 
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This feedback guides players to iterate on their model design by adjusting hyperparam-

eters like max_depth or min_samples_split. 

Performance improvements (e.g., a reduced RMSE or improved recall) unlock in-

game rewards, including model upgrades, property enhancements, or rent multiplier, 

mechanically linking model quality with economic advantage in gameplay. In parallel, 

short conceptual challenges (e.g., multiple-choice questions on evaluation metrics) al-

low players to consolidate understanding and earn strategic bonuses. 

The game structure encourages experimental learning, where players iteratively re-

fine models and observe the trade-offs involved in ML design decisions, such as over-

fitting due to excessive depth or misclassification caused by shallow models. These 

mechanics make abstract concepts like generalization and metric-based optimization 

more tangible and retainable through repeated play. 

 

3.2 Learning approach and content 

The core educational content centers on the Decision Tree algorithm, selected for its 

interpretability and pedagogical accessibility. Within the game, players engage with the 

structure and logic of decision trees, including the role of nodes, splits, and leaf predic-

tions—as they iteratively build models on regression and classification problems. 

A major instructional focus is placed on hyperparameter tuning, especially 

max_depth and min_samples_split, as these directly influence the trade-off between 

model complexity and generalization. Players are required to make tuning decisions 

based on the behavior of their model on simulated validation data, thereby experiencing 

firsthand the bias-variance trade-off in action. For example, increasing max_depth may 

improve performance on training data, but risks overfitting, a tension visualized 

through changing game outcomes such as fluctuating rent values. 

Model evaluation metrics are embedded contextually: players working with regres-

sion tasks (e.g., restaurant or supermarket scenarios) are introduced to RMSE, MSE, 

and R², while those addressing classification problems (e.g., farms or banks) engage 

with confusion matrices, precision, recall, and F1-score. Each domain emphasizes met-

rics aligned with realistic concerns, for example, high recall in crop prediction (to avoid 

missing a productive yield) or precision in banking (to avoid false loan approvals). 

The overarching pedagogical objectives of MLopoly include: 

• Enabling learners to understand how decision trees generate predictions. 

• Differentiating between regression and classification tasks via gameplay. 

• Experimenting with hyperparameter values and observing their impact. 

• Applying evaluation metrics appropriately to scenario-driven challenges. 

• Reinforcing understanding through feedback loops and reflective tuning. 

The pedagogical design of MLopoly is rooted in constructivist and experiential learning 

theory [6], which emphasizes learning through doing, reflection, and contextual en-

gagement. This foundation supports a shift from passive absorption of ML theory to 

active, iterative exploration of models and metrics. One core design element is con-

structive alignment: the game mechanics are purposefully linked to intended learning 

outcomes. For instance, when players tune max_depth and observe changes in rent (re-

flecting model evaluation), they are actively engaging with the concept of overfitting. 

This alignment ensures that every game action contributes meaningfully to concept ac-

quisition. 



6 S. Seyedishandiz, A. Dalvand, S. Fashkhami, A.Hoseinnatajaghamaleki, C.E.  

Catalano and F. Bellotti 

To facilitate scaffolded learning, the game deploys a tiered system of "Educational 

Cards" that gradually increases complexity. Each domain features a series of three cards 

that introduce core ideas sequentially beginning with model structure, followed by tun-

ing strategies, and culminating in metric-based evaluation. This design supports pro-

gressive internalization of ML concepts and allows players to revisit and reinforce ear-

lier material. 

Feedback is contextualized through consequences in the game economy and narra-

tive. A poorly tuned model may lead to low rental income or missed opportunities, 

while strong model performance (quantified via evaluation metrics) unlocks property 

upgrades and rewards. These mechanics simulate the stakes of real-world ML decisions 

and embed learning within meaningful game outcomes. 

Furthermore, the game encourages learners to compare model performance over 

time - across different sectors and tuning strategies - promoting reflection on generali-

zation and adaptation. For example, players may notice that deeper trees improve per-

formance in some domains but fail in others, implicitly reinforcing the notion that 

model effectiveness is context dependent. 

3.3 Implementation  

We built MLopoly using the Unity game engine (version 2022.3.6f1 LTS) with C# 

scripting, leveraging Unity built-in UI, animation, and scene management system [9]. 

Its overall design mirrors a classic Monopoly board: each colored property set corre-

sponds to a specific ML scenario and focuses on tuning a particular decision tree hy-

perparameter. This familiar board layout provides a structured framework where ac-

quiring properties equates to engaging with different ML tasks. 

Gameplay progresses as players move around the board, acquire properties, and 

tackle ML tasks in each domain. Owning all properties in a color group unlocks a mini 

ML challenge for that domain. These challenges are dataset-driven problems or multi-

ple-choice quizzes presented through Unity UI system. To simulate model evaluation, 

the game provides visual feedback with decision tree diagrams and evaluation metrics 

. Each domain uses a unique dataset, ensuring varied data distributions and problem 

settings for realism. An interactive trading system is included to preserve strategic de-

cision-making akin to classic Monopoly. Players can trade properties via an in-game 

menu to negotiate domain coverage. Trades execute automatically to maintain smooth 

game flow and prevent interruptions to the learning experience. 

MLopoly emphasizes clear, consistent visual feedback to reinforce learning. Unity 

2D graphics renders the Decision Tree structure and decision boundaries, and illustrates 

concepts like overfitting, underfitting, or well-tuned models. Gameplay interactions are 

event-driven using Unity event system, enabling natural actions such as dice rolls, 

player movement, and property management. During key decisions, context-sensitive 

pop-up messages explain the underlying ML mechanisms, helping players connect their 

in-game actions to ML outcomes. An internal simulation module computes the impact 

of player-selected hyperparameters on synthetic datasets. It generates mock evaluation 

results (performance scores, model behavior outcomes), which are dynamically shown 

as visual overlays and directly influence in-game consequences (e.g., adjusting in-game 

rewards or penalties based on model performance). One particularly engaging feature 

is t e “ ot C air C allenge,” a timed quiz competition between two players. T is  ead-
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to-head quiz tests recall and decision speed under time pressure, reinforcing key con-

cepts in a funny, competitive way. All quizzes and outcomes are handled through a 

modular system, making it easy to expand content with new questions or topics. 

During the game, ML concepts are introduced gradually through gameplay rather 

than overwhelming players with mathematical formalism upfront. Each new concept is 

first presented via a teaching card or scenario-specific example, allowing players to 

learn incrementally. Hyperparameter tuning, for example, is transformed from an ab-

stract idea into a tangible game mechanic with clear consequences: players see how 

tuning affects t eir “model” and game progress, reinforcing its importance t roug  im-

mediate feedback and iterative practice.  

4 Experimental results 

To evaluate MLopoly effectiveness we conducted a mixed-methods user study com-

bining in-game behavioral metrics with a post-game questionnaire [3]. The study was 

grounded in two widely recognized educational frameworks targeting mid-level cogni-

tive skills  Bloom’s Revised Taxonomy [10, 11] and the ARCS Motivation Model [12]. 

We designed a 21-item Likert-scale questionnaire, aimed at assessing perceived learn-

ing (Part A) and motivational engagement (Part B). Additionally, three open-ended 

questions allowed participants to share reflections on the game design, usability, and 

educational impact. The full list of questions is shown in Table 1. Also, all the questions 

and results are accessible through [13].  

 

The study involved university students, with various academic backgrounds.  In total, 

24 participants took part in the study (10 females, 14 males), with an average age of 27 

years. While all had basic math knowledge, their prior exposure to ML varied, allowing 

us to observe how MLopoly performs across different levels of experience.  

Before each session, participants received a short introduction to ML concepts (e.g., 

decision trees, terminology of training/validation/test data) to ensure a smoother start 

with the game. 

Results (Fig. 4) show strong alignment between the game objectives and self-re-

ported learning. For instance, 83% of participants agreed or strongly agreed that they 

could recall key ML concepts about Decision Trees (Q1). Over 75% of the respondents 

reported better understanding of hyperparameter distinctions (Q2) and data partitioning 

(Q7). Around 70% stated they could now explain the effect of decision tree hyperpa-

rameters like max_depth and min_samples_split (Q8) and identify issues like overfit-

ting and underfitting (Q4). These outcomes were supported by qualitative comments 

suc  as  “I now understand  ow dept  affects accuracy,” and “T e decisions I made in 

t e game  elped me see  ow models learn.”  

Table 1. Questionnaire 

ID Text 

Q 1 I can recall key concepts about decision trees after playing the game. 

Q 2 The game helped me understand the difference between parameters and hyperparameters.  

Q 3 I was able to apply the knowledge from the game to real-world examples.  

Q 4 I can identify whether a model is underfitting, overfitting, or well-fitted.  

Q 5 I feel confident evaluating the performance of a machine learning model.  
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Q 6 I feel able to build a basic decision tree with the knowledge I gained.  

Q 7 The game helped me recognize the purpose of training, validation, and test data. 

Q 8 I can explain the effect of hyperparameters like max_depth and min_samples_split.  

Q 9 I now understand how machine learning can be used in different domains. 

Q 10 I was able to reason about how the model made decisions during the game. 

Q 11 The game grabbed my attention and kept me focused.  

Q 12 The game content was interesting and enjoyable.  

Q 13 I found t e game’s content relevant to my learning goals.  

Q 14 I saw a clear connection between game mechanics and machine learning concepts. 

Q 15 I felt capable of completing the game tasks.  

Q 16 The difficulty level of the game was appropriate for my skills. 

Q 17 I was satisfied with what I learned through the game. 

Q 18 I felt a sense of accomplishment after finishing the game.  

Q 19 I would be interested in learning other topics through similar games.  

Q 20 This game encouraged me to explore more about machine learning after the session.  

Q 21 I was able to make meaningful choices in the game that affected my learning outcome. 

 

 

Fig.4. Break-down of the responses to the questionnaire 

ARCS-related items showed high engagement. Over 80% of participants agreed that 

the game was enjoyable and maintained their attention (Q11, Q12). Around 70% found 

the content relevant and felt satisfied with their progress (Q13, Q17, Q18). Most felt 

confident completing the tasks (Q15), though some expressed uncertainty in interpret-

ing complex visuals (Q16), highlighting areas for improving the interface. 

Open-ended feedback highlighted the usefulness of visual aids, challenge cards, and 

incremental decision-making. Some participants suggested shortening the overall game 

duration and introducing a clearer onboarding process, especially for those unfamiliar 

with ML terminology. 

Additional feedback emphasized how MLopoly translated abstract ML topics into 

compelling contextualized challenges. Many respondents appreciated how challenge 
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cards and sector-specific tasks improved retention. Visual elements such as perfor-

mance metrics and outcomes of choices were cited as particularly helpful. Some par-

ticipants also noted the need for better pacing and clearer feedback during tuning tasks, 

suggesting concrete improvements for future iterations.  

Overall, the questionnaire suggests the strong potential of MLopoly as a comple-

mentary educational tool. The combination of structured gameplay, visual feedback, 

and scenario-driven challenges supported both cognitive learning and motivational en-

gagement. While some usability aspects should be refined, the study suggests that 

MLopoly can support ML instruction by providing a pleasant context where students 

can play in teams while applying and practicing with disciplinarily rigorous concepts. 

5 Conclusion & Future Work 

This study explored the potential of game-based learning to address the challenges of 

teaching foundational machine learning concepts. We introduced MLopoly, a serious 

game inspired by Monopoly, designed to teach key ML principles through scenario-

driven gameplay and interactive decision-making. 

Our findings suggest that MLopoly effectively enhances learner engagement and fa-

cilitates conceptual understanding, particularly for those with limited prior exposure to 

machine learning or programming. While our evaluation was limited in scale, both 

qualitative and quantitative feedback indicate that the game offers a compelling ancil-

lary tool for disciplinary instruction and motivation. 

The current implementation of MLopoly was limited to Decision Trees. However, 

thanks to the modular design, the board and mechanics can be easily reskinned to ad-

dress additional ML concepts, such as Random Forests and Neural Networks, thus ex-

tending the scope of the game   

 In addition to broader content coverage, further future directions include increased 

adaptability to different learner levels (e.g. personalized feedback) and the exploration 

of AR or web-based versions for easier usage. A more ambitious goal is scaling the 

game framework to other academic domains beyond machine learning, while improv-

ing instruction quality and fun. 
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