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Abstract. Serious games (SG) have the potential to become one of the most im-

portant future e-learning tools. The use of SG in education is a large deviation 

from the common education standards, which usually are based on mass systems 

of instruction, assessment, grading and reporting students’ knowledge and skills.  

SG encourage self‐directness and independency of student, thus providing a 

framework for self-learning activities. However, the benefits of using SG as a 

learning tool are maximized in a personalised and adaptive environment. Alt-

hough it has been suggested in the past that SG can take advantage of Artificial 

Intelligence (AI) methods for automated adaptation to the learner, there is not so 

much research in the field.  

Taking the above into consideration, this paper aims to provide a framework 

on adaptive and personalised SG using AI methods. The advances in technology 

have made it possible to trace and collect user generated data that we can use to 

capture essentially players’ in-game behaviours and trace knowledge or skills ac-

quired from the player during playing. This will actually be a two-step process, 

“User Identification” and “Content Adaptation” to learners’ needs. In the pro-

posed methodology “User Identification” will be implemented from data derived 

from “User Behaviour” and “System Feedback”. That data will feed a Learner 

Agent supported by an Adaption and Personalisation engine, which will interact 

with both the “Instructional Content” and “Game Characteristics” in order to 

achieve the desired adaption. This paper will be used as a basis for further devel-

opment of an adaptive and personalised SG. 

Keywords: Adaption, Personalization, Game‐based learning, Game Design. 

1 Introduction 

Game industry is one of the largest sections on entertainment industry. At 2018 was 

estimated that global games market reached $134.9 billion growing at a healthy pace 

of +10.9% from 2017, while 64% of households own a device that is used to play video 

games[22]. Currently computer games is the biggest sector of the entertainment indus-

try in the U.S. and one of the biggest in the world [9]. The Serious Games (SG) industry 

produces games for niche target markets and specific audiences. Yet, the entertainment 

industry pushes forward the benchmarks on the quality of game development, at every 

new release, supported by large budgets and profits. The SG industry is thus faced with 
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the problem of reaching these high expectations with reduced budgets, due to the 

smaller dimension of these niche markets [7]. 

The first attempts to combine education with entertainment were in the 1990s and it 

was called edutainment. The assessments in edutainment, if any, were largely limited 

to (screen-based) testing or log files. There is a false assumption that if an edutainment 

is well designed, it somehow results in student learning [17]. As the enthusiasm fizzles, 

edutainment fails because it is neither a good education nor a well-done game [34]. The 

most widely used education research methodology of pre-tests vs. post-tests [3] is not 

suitable for serious games assessment because ‘testing-after-playing’ threatens to take 

the fun out of game-based learning altogether [23].  

It is a challenge in any video game to teach a player how to play and to guide them 

through the game world; especially when dealing with a serious game, the challenge 

intensifies due to the inherent variations in student backgrounds, making the choice of 

how to guide the student from the start to the end of the game without direct instructor 

interactions a complex problem [27].  Furthermore even when SGs claimed to contain 

“measurable evidence of training or learning,” the evidence presented is quite limited 

(to simple test score, number of mission accomplished, or best time) because there has 

yet to be any standardized performance metrics for SGs[17]. A data-driven approach 

[30] and an evidence-centered design [24] are much better assessment methods that will 

foster real adoption of serious games [16]. This can be resolved by endowing game AI 

with adaptive and/or personalized behaviour. There is a precise distinction between the 

term “personalized” and the related term “adaptive”. Tailoring the game experience to 

a player is implemented by adapting part of the game. When game adaptations are not 

informed by the actual player in one way or the other, we refer to the game as being 

strictly adaptive. When, on the other hand, the adaptations are informed by the player, 

e.g. by determining automatically the difficulty level appropriate to the current player, 

we refer to the game as being personalised [2]. 

 

2 The Game Model Cycle 

Serious games are usually seen as a compromise between games and education. Most 

of the times the educational game creator focuses on the educational part and misses 

the game factor. Games must be motivating and when missing the game factor, the 

learner is also missing the motivation.  The goal is to have learners being self-directed 

and self-motivated, both because the activity is interesting in itself and because achiev-

ing the outcome is important. 
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Fig. 1.  Input-Process-Outcome Game Model [11] 

Figure 1 presents a tacit model of learning that is inherent in most studies of instruc-

tional games. First, the objective is to design an instructional program that incorporates 

certain features or characteristics of games. Second, these features trigger a cycle that 

includes user judgments or reactions such as enjoyment or interest, learner behaviours 

such as greater persistence or time on task, and further system feedback. To the extent 

that we are successful in pairing instructional content with appropriate game features, 

this cycle results in recurring and self-motivated game play. Finally, this engagement 

in game play leads to the achievement of training objectives and specific learning out-

comes [11]. 

The problem with this model is that it doesn’t take into consideration the character-

istics of the learner. It supposes that all learners respond in the same way on the Game 

Characteristics and, furthermore, they assimilate the Instructional Content in the same 

manner. The system feedback should be re-engineered in such way that includes both 

the Instructional Content and the Game Characteristics. In that way it could avoid the 

disengagement of the gamer from the game and keep him motivating much longer.   

However, at this point another question is raised: what are the exact elements in the 

game that can be adapted and how might these impact different types of learners? [12] 

It has been suggested that the adaptation process should involve two distinct challenges: 

User Identification and Content Adaptation [4]. 

• User Identification is the process of identifying and inferring the characteristics 

of the person who plays the game. There are two sub topics that are extremely relevant 

for identifying a user and keep him actively involved in the interactive learning process: 

User Models for Interactive Learning and Detection of User Engagement.  

• Content Adaptation can be used to provide an effective system response to who 

is playing the game, by presenting a personalized view of the game content and learning 

materials.  

There have been suggested enough techniques on User identification in gaming. The 

RET scheme, which is based on the Kullback-Leibler divergence between idle time 

distributions, achieves higher than 90% accuracy with a 20 minute detection time given 

a 200 minute history size [6]. Gametrics (“Game-based biometrics”), is another User 
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Identification mechanism based on the unique way the user solves such simple chal-

lenges captured by multiple features related to cognitive abilities and mouse dynamics 

[19]. 

The most basic kind of content adaptation found in games is based on changing dif-

ficulty based on a finite set of stereotypes (e.g. “novice”, “intermediate” and “expert”). 

This helps a player find the golden mean between boredom and frustration [18]. A sup-

porting user model should responsible for dynamically assigning the player to different 

learning styles and stereotypes. The appropriate strategies can then be applied by a spe-

cialized component (e.g. centralized AI managers, content generators, agent organiza-

tion frameworks), which constructs and presents the personalized content to the player 

[4]. 

3 Towards an Improved Game Model 

In order to add the personalization and adaption stage we propose to modify the afore-

mentioned Game Model Cycle with the development and deployment of intelligent 

agents (IA). An agent is defined as a computer system that is situated in some environ-

ment, and is capable of autonomous action in that environment in order to meet its 

design objectives [38]. An intelligent agent (IA) is an autonomous entity which ob-

serves through sensors and acts upon an environment using actuators (i.e., it is an agent) 

and directs its activity towards achieving goals [37].  

 

 

Fig. 2. The improved and Personalised Game Model 

The proposed solution (Fig.2) is a multi-agent system (MAS), where the activities of 

the system are distributed.  A multi-agent system (MAS or "self-organized system") is 

a computerized system composed of multiple interacting intelligent agents. Multi-agent 

systems can solve problems that are difficult or impossible for an individual agent or a 

monolithic system to solve [36]. This MAS system turns the revised Game Model Cycle 

to a decision support system (DSS), since now it supports organisational decision-mak-

ing activities. Intelligent agents appear in an increasing number of DSS applications 
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and intelligent agents’ properties can facilitate active decision making [39]. Intelligent 

DSSs (IDSSs), incorporating knowledge-based methodology, are designed to aid the 

decision-making process through a set of recommendations reflecting domain expertise 

[35]. 

4 System Design Architecture 

Personalization in the above system was designed as personalized instructional content 

and also adaptive game characteristics. I order to be functional, we propose a frame-

work for an IA–assisted DSS that targets achieving learning effectiveness and supports 

the major phases of personalization decision making [39]. The personalisation model 

that we choose to follow in this research is based on previous research [35, 39, 40] and 

follows a constructivist pedagogical principle. Constructivism is a learning theory 

found in psychology, which explains how people might acquire knowledge and learn. 

The theory suggests that humans construct knowledge and meaning from their experi-

ences [29]. So learning is a learner-cantered and active process of knowledge construc-

tion. Learners can learn more effectively and meaningfully in a favourable environment 

where their ideas are explored, compared, criticized, and reinforced through talking 

with and listening to others [32]. 

4.1 The Learner Agent 

The Learner Agent is a simple intelligent agent that collects information from the 

learner, such as the basic identification data, prior skills, educational goals, game re-

sults, or any other appropriate data. It also records activities, such as mouse action (time 

and target), duration on a particular task, game score and any other user generated data. 

This information (Learner Data) is then passed to the Adaption and personalization en-

gine.  

4.2 The adaption and personalization model 

The adaption and personalization engine design is based on Decision-Making Process 

Model for Personalized Virtual Learning Environment (VLE) [39]. While working on 

personalised virtual learning systems, Xu & Gao designed a framework for an intelli-

gent agent–assisted decision support system that targets achieving learning effective-

ness and supports the major phases of personalization decision making that was based 

on learning and decision-making theories. More specific the model was based on the 

constructivist pedagogical principle.  

The main idea behind constructivism is to focus on guiding the learner to build or 

modify existing knowledge, rather than to rely on knowledge transmission [26]. There 

are three different interpretations of constructivism that have been labelled as endoge-

nous, exogenous and dialectical [20].  Endogenous constructivism emphasizes on the 

individual nature of each learner’s knowledge construction process, exogenous con-

structivism emphasizes on formal instruction in conjunction with exercises and finally 
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dialectical constructivism is the view that learning occurs through realistic experience 

[8]. A SG is closer to the endogenous model since it provides a realistic context in 

which learners can explore and experiment and the interactivity of the SG allows learn-

ers to see immediate results. But when instructional material is to be used, an important 

element of instructional process is the provision of opportunities for the user to put his 

knowledge into practice and receive feedback on his knowledge constructions [8]. So 

in order to follow that approach, the adaption and personalization engine should contain 

a content database with content suited to different types of stereotype learners and also 

different learning strategies.   

The most famous constructivist model of the decision-making process, identifies 

four different phases - intelligence, design, choice, and review [25]. Based on that 

framework Gao and Xu created their own model of Decision-Making Model. However, 

they omitted the fourth phase, the review activity, the purpose of which is to assess the 

past decisions. Instead, they added a feedback loop that can be used to restart the deci-

sion-making process again (See Fig.3). 

 

 

Fig. 3.   Personalization Decision-Making Process Model for VLE [39] 

The intelligence phase incorporates agents that gather information from electronic 

sources and the user in order to inform the user and other agents and to detect develop-

ing problems and opportunities [33].  The most common form of computer “support” 

for this initial phase in designing a Personalised VLE is to provide convenient access 

to a variety of information sources, such as the learner’s demographic information, 

preference information, learning activity history, and previous learning results [39]. 

Automated gathering of relevant information is very crucial for competitive intelligence 

[28]. As long as the system collects all necessary information, it needs to create the 

learner profile based on learner’s personal information and learning activities. When a 

leaner profile is built, a call for decision-making regarding personalization will be 

launched and passed to the next phase [39]. It has been also suggested that learner pro-

file should be portable across different games and even applications, particularly in the 

education field [3]. 

In that phase the learner model will be abstracted based on the learner profile. To 

achieve this, it is necessary to first analyse the user profile generated from the intelli-

gence phase. It is very important at this stage to assemble the information in order to 



7 

calculate the overall knowledge level and time spent on the current topics. It is also 

important to take the learner’s demographic (e.g., age and education level) and prefer-

ence into account. After building or refining the learner model, it is passed to the next 

phase [39]. Learner model is defined shortly as a description of learner’s properties and 

it is the core of adaptive learning system [10]. The Learner Model is usually confused 

with the User Model. Learner modelling though is more concerned with diagnosing 

learner misconceptions and user modelling is more relevant to natural language under-

standing [21]. For the domain of modern video games, four approaches are deemed 

applicable to player behavioural modelling, namely (1) modelling actions, (2) model-

ling tactics, (3) modelling strategies, and (4) profiling a player [1]. 

In the choice phase, after each individual player’s activity is specified, the corre-

sponding set of instructions will be provided. In conjunction with the content data-base, 

the individual learner plan that determines the appropriate instructional action based on 

the individual learner model is updated. These instructional actions are executed in-

cluding the personalization content materials and game mechanics for each individual 

learner to match the individual’s learner model [39]. 

4.3 Architecture design for adaption and personalization engine 

Based on the above model, the adaption and personalization agent should be consisted 

from three separate layers, the Learner Layer, the Agents Layer and the Repository 

Layer (see Fig. 4). The upper layer (Learner Layer) provides an adaptive interface for 

the gamer. The interface adaption should comprise two separate mechanisms, the Game 

Mechanics Adaption and the Content Personalization. 

The main mechanism behind the Mechanics Adaption is Dynamic Difficulty Adapta-

tion (DDA) and it is based on the mathematical analysis of structures and relationships 

within a game system [14] and on the player’s flow experience [31]. DDA uses a system 

that changes the game mechanics without the player knowing it. These changes are 

made in order to keep the player challenged and interested [15]. The Learner Agent 

analyses the player’s state of flow and sends its activities to the Activities Agent, in 

order to create the player’s profile, and forwards it to the Modelling Agent. The Mod-

elling Agent creates the player’s model, which is then forwarded to the Planning Agent, 

who then notifies the Learner Agent on the changes on the Game Mechanics. Lastly, 

the Learner Agent applies the changes. 

As an example consider the case when the player is having to answer a quiz or a set 

of questions in order to proceed to the game and he is having hard time to find the right 

answers. The game could be too difficult. The system then should decide to create a set 

of hints available to the player. One assumption is to make sure the player does not 

know about systems such as the DDA [14]. The system analyses the player’s data based 

on the player’s flow experience. However, one of the major problems with DDA is that 

the system bases its decisions on the player’s flow state using only raw data. The raw 

data used represents the performance of the player, which is objective, while flow is 

subjective [5]. 
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Fig. 4.  The Three Layer Adaption & Personalisation Design [40] 

Rule-based personalization can then be used to target instructional content and media 

to specific individuals based on their profile. Rule-based personalization can go many 

levels deeper, by tracking the students’ knowledge [13]. By keeping a history of the 

students’ activities, the SG adaption engine would be able to recommend the appropri-

ate material for the students. It would also be able to recommend directions for the 

students, for example, possible assignments inside the SG when the student lacks cer-

tain knowledge on a field. This can be achieved by a local content database that will be 

attached to the system on the Planning Agent. 

The middle layer (Fig.5), in order to be consistent with the constructivist model that 

was analysed before, consists of a number of intelligent decision-making agents that 

support the personalisation and adaption [39]. The Activity Agent records the Learner’s 

activities, such as mouse action (time and target), answering time on a particular task, 

game score and other user generated data. Those activities are captured and stored in 

the learner profile by the Activity Agent. The Modelling Agent abstracts the learner 

model, based on the learner profile. The Learner model keeps updating as long as the 

player plays and it could be stored in order to be reused each time the specific player 

plays the game. The Planning agent analyses the current learning plan of the particular 
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learner based on the learner model and the content model, and then updates the learning 

plan. As an example, the topic sequence may be updated. Meanwhile, the planning 

agent is also able to exhibit goal-directed behaviours by using the pro-activity. For ex-

ample, when the planning agent determines that the online learner may fail a game, the 

agent may update his/her learning plan to prevent this unexpected problem happening. 

 

 

Fig. 5. Adaption and personalization engine, Agents Layer [40] 

The Learner dynamically assembles personalized instructional materials for a par-

ticular online learner based on the learning plan. It also dynamically interacts with the 

Game Mechanics in order to adapt the game to the player. 

The lower layer is the repository layer that contains four components: Learner Pro-

file, Learner Model, Learning Plan and Content Model. Dynamic knowledge relevant 

to the Learning process (learner profile, model and plan), and static structured 

knowledge (course content) are stored in the knowledge repository for the knowledge 

manipulations [39]. It is essential to design a set of autonomous types of behaviours for 

the agents to achieve personalization, including “reactive”, “pro-active” and “co-oper-

ative” behaviours [38]. 
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5 Conclusion and future work 

In this paper, we proposed an adaption and personalisation mechanisms framework for 

serious games and we described how to implement them. This has been achieved by 

reviewing existing literature on adaptive models for games and especially SGs, whereas 

we proposed a new adaptive approach based on Virtual Learning Environments. That 

new approach follows the constructivism pedagogic approach for the instructional con-

tent adaption. The game mechanics adaption on the other hand will be mainly based on 

the Dynamic Difficulty Adaption technique.  

The next steps in this project will be the creation of a SG in order to implement our 

adaptive mechanism and then to test it. We also plan to explore the different adaptive 

game mechanics. Implementing these models could help the design process for a new 

generation of serious games that are fun but also educating. 
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