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 

Abstract—Motivation promotes learners to learn new 

knowledge to advance in learning process, to be retained in an 

experience and to persevere in its attainment in order to reach 

desired objectives. Indeed, the concept of motivation is very rich 

and can be useful in more than one way to analyze the concept of 

serious games as it is currently developing. This convergence with 

the edutainment genre will provide us throughout this article, a 

basis for reflection on the benefits that we can exploit the 

relationship motivation and serious games. However, we will 

study and analyze in the first place similar works. Then we will 

present our analysis study based on a combination of several 

machine learning algorithms and learning analytic methods. 

Finally, we conclude with a detailed discussion by analyzing 

obtained results and making suggestions for further research. 

 

 
Index Terms—Serious game, learning outcomes, game play, 

experience, adaptability, game based learning, service oriented 

architecture, motivation, Data Analysis, Expectation 

maximization. 

 

I. INTRODUCTION 

erious game is an increasingly studied topic whose 

popularity continues to grow [1]. however, many research 

studies are developing to design pedagogical approaches to 

make training more accessible and more attractive to students 

[2]. the contribution of serious game in teaching lies precisely 

in the idea of making learning experience more enjoyable and 

attractive to learners. it’s entertaining and innovative aspect 

would allow them to become more interested in the 

mechanisms that govern the search for information. it’s as 

each interactive tools let students practice, analyze their 

interactions, give feedback on learners actions, and help them  
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to make progress [3]. due to this variety of advantages, a 

growing number of professionals are looking for learning 

interactive tools to improve motivation in educational 

solutions [4].  

 

“people play games because the process of game playing is 

engaging [...] because they are challenging and relaxing. this 

formulation seems very close to that magical state of 

motivation some refer to as ’flow’ [...] the reason computer 

games are so engaging is because the primary objective of the 

game designer is to keep the user engaged [5]“ 

 

nevertheless, it is almost universally accepted that there is a 

positive correlation between motivation and learning [6]. 

motivation is considered as the essence of learning. without 

interest, it is difficult to integrate new notions, to make links 

with previous knowledge and to persevere in the appropriation 

of new concepts. however, serious game can contribute by its 

dynamism and playfulness [7]. when engaged through play, 

students may forget that they are working to integrate new 

knowledge. they are motivated by his motivation for making 

fun and joy by playing and winning.  

 

despite of the effectiveness of serious games in the term of 

learning [1], [8], students, teachers parents and professionals 

style suffering from knowledge transfer due to a number of 

reasons which can be related to motivation, capacity, level of 

learning which differs from a learner to another and other 

reasons. in this paper, we study the existing motivational 

models and their correlation with serious games. then, we 

propose an approach to measure the learner motivation 

through the game and help the professionals to attract more 

learners’ attention. afterwards, we present an implementation 

of the proposal algorithm in a waste sorting serious game, 

which aims to teach kids how to recycle different waste. 

finally, we conclude by an evaluation and discussion of how 

emotional state model proved successful along with an 

outlook on future research. 

II. THEORETICAL BACKGROUND 

A. Related works 

The psychological and cognitive impact of serious games 

on learners, especially on their motivation, has so far not been 

the subject of many formal empirical evaluations[8]. More in-

depth studies are now needed, especially since they are 

starting to generate growing interest in many sectors[9].  

Serious games are used to ensure a good transfer of 
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knowledge in a fun way. However, a number of solutions are 

conceived to simulate the domain to be taught with which the 

learner-player can playfully interact. In the design of serious 

games, the balance between learning transfer and motivation is 

the major key of success. 

There a number forms of introducing motivation in serious 

games design. In one hand, some projects promote motivation 

through narration[10]. In the other hand, some projects rely on 

competition to motivate players[11].Others, like [12]believe 

that redundant or incorrect actions in the game, giving 

students the opportunity to perform unnecessary is 

fundamental to captivate learners’ attention and enable them 

to implement by themselves.  

Throughout the learning process, learners will have a lot of 

ideas had to be dropped and reviewed from the beginning. In 

total, hundreds of actions have been made. Many times they 

see that they tend to lose. However, approaching victory more 

and more with each attempt held them in suspense. And it is 

thanks to this tension that they can eventually succeed. 

In particular there is a need for designers of educational 

artefacts to understand how users interact with different types 

of artefacts and how this interaction affects users’ educational 

experience[13]. Generally speaking, user experience is axed 

on the interaction between product and learner, and he 

resulting experience in a certain context of use[13]. However, 

User experience should be considered from physical, sensual, 

cognitive, emotional, and aesthetic perspectives[13], [14]. 

Serious games have always been considered to be 

intrinsically motivated, several mechanics employed in this 

purpose; the challenge, curiosity, control, interaction and 

simulation. The motivated learners are more engaged and 

enhanced skills performance; however learners with a negative 

emotional state appear a boredom behavior on their interaction 

with technology and decrease learning benefits[15].  

B. Motivational theories 

Motivation is considered as a key of success. It makes 

learner want to accomplish tasks, to learn new knowledge to 

advance in the process of learning. It is often presented in a 

central construct of learning theories. It is defined as the tensor 

of internal and external forces, directed or not directed by a 

goal, that influence a person cognitively, affectively or 

behaviorally [16]. It is a process that influences triggering, 

direction, intensity, persistence and frequency of behavior or 

attitudes [16]. 

In cognitive psychology, the motivation for success depends 

on the individual's desire and expectations, personal sense of 

self-efficacy, and strengthening or support in the social 

environment; it is therefore an individual characteristic of the 

learner. It is defined as a continuum that goes from one 

extreme, the non-motivation, to another, the intrinsic 

motivation (which comes from the individual himself), going 

through the extrinsic motivation (which comes from stimuli 

external to the individual), as summarized in Figure below: 

 

 

 
Fig. 1. The self-determination continuum 

 

Motivation is an embedded concept in the learning 

framework. It is at two levels: that of extrinsic motivation 

which is caused by an external force of the learner and that of 

intrinsic motivation which depends on the individual himself. 

Both are required to engage in a learning process as in any 

other activity elsewhere. 

There are several works focused on the learner motivation 

in serious game in order to enhance the level of learner 

motivation related to their interaction with the game.  

In 2005, Clark has stressed that the motivation in learning is 

defined as a pyramid in layers such as environmental factors, 

psychological factors, motivated behavior, knowledge and 

learning strategy, and performance. Then, James Keller, 

educational psychologist, ARCS KELLER model at Florida 

State University devised a motivational model based on a 

synthesis of existing research on psychological 

motivation[17]. His ARCS is an acronym that represents four 

classes: Attention, Relevance, Challenge, and Success. 

Finally, Malone [18]goes much further because it provides a 

conceptual framework for explaining the four conditions that 

must be met for a video educational game is intrinsically 

motivating. For him, all the ingredients for good video games 

are a challenge, curiosity, control and fantasy. Malone model 

shows the main interest in a coherent and compact disparate 

elements belonging to various motivational theories. This 

method was also used by Keller [17] as part of another 

motivational model applied also to edutainment software. 

Although this meta-categories Keller (ARCS care for (A), 

relevance (R), confidence (C), and satisfaction (S)) are 

different from those that offer Malone, both designs are based 

on many common references in terms of motivational theories. 

However, unlike Malone, Keller goal is what he calls the 

motivational design, that is to say it provides more of a 

method of design and development. 

One of the main benefits of using serious gaming in class is 

the overall positive impact on student motivation. If we think 

that the novelty aspect of the introduction of the game in class 

comes into play, the few studies on the use of games over the 

long term show that the object "Game serious" [19]. Indeed, 

an adapted game gives regular returns to the student on his 

actions, thus maintaining his motivation [20].Gambling, in 

general, is associated with intrinsic motivation to encourage 

performance and self-esteem [21].  

C. Perception of flow condition 

Flow theory[22] is based on a symbiotic experience 

between challenges and the skills that need to be implemented 
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to address them. However, flow experience arises when skills 

are not overtaken or underused, when the challenge is optimal. 

When the individual plunges into the flow, the involvement in 

the activity is such that he forgets time, fatigue and everything 

around him except the activity itself. In this state, the 

individual operates to the maximum of his abilities and for the 

flow experience. The activity is performed for itself (as 

defined in the context of intrinsic motivation), even if the goal 

is not yet attaint. 

Jeanne Nakamura and Csíkszentmihályi[23] identified six 

aspects surrounding a flow experience: 

1. Intense concentration focused on the present moment. 

2. Disappearance of the distance between the subject and 

the object. 

3. Loss of self-awareness. 

4. Feeling of control and power over the activity or 

situation. 

5. Distorted perception of time. 

6. The activity itself is a source of satisfaction. 

These aspects can be present independently of each other, 

but only the combination of several of them can constitute a 

real flow experience. 

The flow has many similarities with the state of hyper-

concentration, at least as far as its positive aspects are 

concerned. 

- Flow D1: Sense of control / activity control. We know that 

the activity is feasible, that the skills are in adequacy, there is 

neither anxiety nor boredom. 

- Flow D2: Altered perception of time. Total concentration 

on the present, we do not see the time pass. 

- Flow D3: Lack of concern about the self. No worries 

about oneself, feeling out beyond the limits of the 

ego.Afterwards, feeling to have transcended the ego to the 

point that we did not believe that possible. 

- Flow D4: Feeling of well-being. What produces the 

"Flow" becomes a reward in itself; Feeling of ecstasy; 

Impression of being out of everyday reality. 

The literature helps us to apply some concept as presented 

in the next section, in order to evaluate the impact of 

adaptation of the learning process through serious games.  

III. CASE OF STUDY 

The main objective of this current paper is to analyze the 

emotional state of learning across serious games according to 

Difficulty, learning objectives and learner competence during 

the game. The description of the proposed serious game and 

the establishment of the hall system will be described in this 

section. 

Waste sorting serious game [24]is to teach kids how to 

recycle different waste. The learner should sort different waste 

into different trash, according to their types e.g. “paper, 

plastic, metal, glass, and organic, etc”. The sorting is done by 

catching different objects generated randomly and dropping 

them in the appropriate container according to their types, this 

mechanism will be done by using either a mouse or an input 

device called leap motion[25]. 

The waste sorting serious game will be equipped by the 

timer, and the assessment system that evaluates the learners 

according to their performances; if they make a good choice 

the reward will be the gain of some points, although however 

in opposite case the punishment will be the loss of some 

points. With the assessment system, the timer, and the 

interactivity based on hand movement the proposed serious 

game will be more challenging and attractive especially for 

kids, it will allow them to live a beneficial and unforgettable 

experience[25]. 

A. The proposed Architecture 

The proposed architecture Fig. 3 is based on service 

oriented architecture, where the deployed serious games 

invokes several services e.g. “Motivational service, analysis 

service, etc.” by the JavaScript API, each service has a 

specific task in order to improve the learning process by 

motivating the learning during the game sequence, all the 

learners behavior during the game sequence are saved into the 

database.  In addition, all the services are developed by using 

Axis framework that facilitates the establishment of the web 

service by coding java classes.  

 

 

 

 

 

 

 

 

 Fig. 2.  Flow state[23] 

 

 

 

Fig. 3.  The proposed Serious game Architecture 
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This architecture can be reused, in other realization by 

invoking those services, independently of logic or technology 

used. 

Motivational service has specific inputs (Difficulty Double; 

Competence Double; X Double; Y Double) and does a 

specific task, in order, to motivate the learner during the game.  

Input: Difficulty; Competence; X; Y 

Processing: Y= 1/2X-2 <= Flow <=Y= 1/2X+2 

Output: 0; 1; 2 

The result is resumed in the emotional state of  the learner: 

0 : The learner is in the flow state 

1 : The learner is in the state of anxiety 

2 : The learner is in the state of boredom 

Analysis service has as a purpose to classify collected data 

into a cluster by using Expectation-Maximization [26] 

algorithm and the data will be analyzed with a decision tree by 

using C4.5 algorithm. Data will be saved into the database, as 

shown in the table I, these data will be operated also by the 

tools of learning analytics and educational data mining, to 

have a global view on the progression of all the learners. 

B. Decision tree 

The current paper focused on the implementation of interest 

service as proof of concept of the global service. It is based on 

decision tree one of the learning machine algorithms 

The proposed decision tree uses the C4.5 algorithm as 

learning algorithm, it is an algorithm used to generate 

a decision tree developed by Ross Quinlan often referred to 

statistical classifier [27]. It will be feed by the motivational 

output; in the next section, the result of such service will be 

discussed. 

The decision tree is formalism for expressing such 

mappings and consists of nodes linked to several sub-trees and 

leafs or decision nodes labeled with a class which means the 

decision. 

The C4.5[27] is the learning algorithm that will generate the 

three according to the data saved in the database; the proposed 

algorithm is an extension of ID3 algorithm; it builds decision 

trees from a set of training data in the same way as ID3 by 

using the concept of information entropy(1) and The splitting 

criterion is the normalized information gain (2), the algorithm 

of C4.5 for building the decision tree  is described below : 

 

 ( )   ∑  ( )      ( )    (1) 

 

Where:  

S: The current (data) set for which entropy is being 

calculated. 

X: Set of classes in S. 

p ( x ): The proportion of the number of elements in class x 

to the number of elements in set S. 

  (   )   ( )  ∑  ( ) ( )    (2) 

H(S) Entropy of set S. 

T The subsets created from splitting set S by attribute A 

such that S = U t   T.  

P (t) the proportion of the number of elements in to the 

number of elements in set S.  

H (t) Entropy of subset t. 

Below the algorithm of C4.5: 

Check for base cases 

For each attribute a: 

Find the normalized information gain ratio from splitting 

on a. 

Let a_best be the attribute with the highest 

normalized       information gain. 

Create a decision node that splits on a_best. 

Recur on the sub lists obtained by splitting on a_best, and 

add those nodes as children of node. 

The Fig.4 presents an example of the decision tree 

generated dynamically from database. The attributes “Inputs” 

that feed the decision tree are:  difficulty, competence, state, 

id_session. By cons the classes “Outputs” are: Flow, Boredom 

and Anxiety.   

 

 

 

 

 

 

 

 

TABLE I 

DATABASE ATTRIBUTES 

Knowledge 

 Id_session 

 Name 

 Age 

 Sexe 

 Average of response time  

 Number of wrong answers 

 Score 

 Question 

 Learning objectives 

 Difficulty 

 Learner Competence 

 State 

 Type 
 

https://en.wikipedia.org/wiki/Ross_Quinlan
https://en.wikipedia.org/wiki/ID3_algorithm
https://en.wikipedia.org/wiki/Entropy_%28information_theory%29
https://en.wikipedia.org/wiki/Information_gain
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The resulting decision tree (see figure 4) provides the 

learner emotional state Flow, Anxiety and Boredom as the 

potential interest attributes of study.  

Following the current analysis, the motivational services 

provides the employment of decision tree to help the definition 

of the learner emotional state based on data set of  96 students, 

but it requires more data set of play to propose good decisions.  

The establishment of such service by using several 

technologies/ frameworks based on web service, during the 

development process has allowed a big flexibility to improve 

the approach and use other motivational factors as to progress 

of development.  As known the service will be reused 

regardless to the technologies or the language used to develop 

such video games, therefore this solution will be generated to 

many other realizations by invoking the proposed services. 

C. Clustering 

The clustering is the task of grouping a set of elements in 

such a way that elements in the same group called a cluster. A 

Cluster is a collection of objects which are similar between 

them and are dissimilar to the objects belonging to other 

clusters[28]. Clustering is particularly useful in the case where 

the most common categories within the data set are not known 

in advance. Clustering can be applied in several communities, 

for example students in schools could be clustered together to 

investigate similarities and differences among them, also 

student actions could be clustered together to investigate 

patterns of behavior. 

Clustering algorithms typically split into two categories 

(see): we can go “bottom up” in the hierarchical agglomerative 

clustering (HAC) by grouping small clusters into larger ones, 

or “top down” in the divisive clustering by splitting big 

clusters into small ones, as in the divisive clustering provided 

by several algorithms such as k-means, EM-based clustering 

and spectral clustering. Although the agglomerative clustering 

assume that clusters themselves cluster together, the non-

hierarchical approaches assume that clusters are separate from 

each other [29]. 

 

 

 

 

 

 

Among the clustering algorithms there is Expectation 

Maximization (EM) algorithm; it’s an iterative method for 

finding maximum likelihood or maximum a  posteriori 

estimates of parameters in statistical models [30]. The 

Expectation-Maximization (EM) algorithm defines an 

extension of clustering to continuous and categorical 

variables, it assumes an employment of probability model with 

parameters to describe  the probability of an instance to belong 

to a certain cluster [30]. EM starts by the initialization of the 

model parameters, then the expectation step computes the 

probability that an instance x belongs to cluster i, finally the 

maximization step calculates the clusters means according to 

the probabilities that all points belong to cluster i. The 

expectation and maximization steps are repeated until the 

model parameters converge (see Figure 6). 

 

 

 
 

 

Fig. 4.  Decision tree of learner emotional feeling 

 
 

Fig. 5.  Clustering categories 

 

 

 

Fig. 6.  flowchart of EM algorithm 

 

 

 

Final clusters 

Parameter initialization 

Expectation 

For each point x, For each cluster i,  Calculate the probability that x belongs to 

the cluster i 

 

 
Maximization 

For each cluster i, Re-estimate the initial parameters to maximize the likelihood 

of the points   

 

 
Repeat Expectation and maximization until the parameters converge 



International Journal of Information Science & Technology –iJIST, ISSN :  2550-5114 

Vol.2  No. 1,  2018 

 

9 

 

The EM iteration alternates between performing an 

expectation (E) step, which creates a function for the 

expectation of the log-likelihood evaluated using the current 

estimate for the parameters, and a maximization (M) step, 

which computes parameters maximizing the expected log 

likelihood found on the E step.  These parameter-estimates are 

then used to determine the distribution of the latent variables 

in the next E step.  The EM iteration consists of two steps 

expectation (E) step and maximization (M) steps.  

The Expectation (E) Step:  Each object assign to clusters 

with the center that is closest to the object. Assignment of 

object should be belonging to closest cluster. 

The Maximization (M) step: For given cluster assignment,

  for each cluster algorithm adjusts the center so that, the 

sum of the distance from object and new center is minimized. 

The obtained results will be interpreted and discussed in the 

next section, in order to evaluate the impact of the adaptation 

of the learning process through serious games.  

IV. RESULT AND DISCUSSION 

The aim of this part is to analyze and predict the emotional 

state of the learner in an experiment in order to ensure optimal 

emotional state. However, we have seen the flow which is 

defined as an optimal psychological state that can be felt in 

various domains, particularly during an experiment and 

manifested during the perception of a balance between his 

personal skills and the difficulty of the task.  

The game development consisted of two major parts: 

Part 1: Difficulty generated arbitrary from database 

Part 2: Difficulty is recognized by group of students 

according to the results of the first experience (competence, 

difficulty) 

The current application has been experimented by data set 

of 96 young students. There are between 14 and 21 years old. 

They play the game in classroom supervised by their teachers. 

We find below the distribution of the data generated by 

learners which helps us to generate the decision tree. 

The data obtained after several uses of the proposed game 

by several learners, as presented below in the Table II, have 

been clustered in three categories by using Expectation-

Maximization [26] algorithm, an algorithm often used in 

educational data mining to cluster learner’s performances, the 

criteria used to cluster the learners are “id_session, 

Competence, right answers, wrong answers, and difficulty”, 

Figure 7.  

 

 

 

 

 

 

 

 

 

 

 

 

As presented in Figure 7, there are three categories of 

learners, clustered according to their emotional state “Flow, 

Boredom and Anxiety”.  54% of them are in the Flow state; 

26% are bored, by cons 20% are anxious, according to the 

given results the majority of the learners are satisfied but the 

rest have the ability to quit the game according to their 

feelings as presented in Figure 8. 

 

 

Another way to prove the effectiveness of the proposed 

serious game, and its impact on the learners, is comparing the 

adapted and the non-adapted game. This comparison is based 

on finding the difference of learning degree of each step 

“Before” the group that uses the non-adapted version of game 

and “After” the group that uses the adapted version. The Table 

II details this comparison. 

 

After this study we observed the importance of the 

adaptation of the game according to the level of competence 

of each student to keep them in an optimal emotional state 

 

Fig. 7.  Learners Emotional state 

 

 

 

 

 

Fig. 8.  Pie chart of emotional state before game adaptation 

 

 
TABLE II 

DATABASE ATTRIBUTES 

Level 
Nbr 

student 
correct answers 

 
Wrong 

answers 

 
Nbr abandons 

Non 

adapted 
game 

96 376 564 18 

Adapte

d game 

96 792 168 3 
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during the experiment. 

 

In order to prove the effectiveness of adapting serious 

games difficulty according to the learner performance, we take 

a sample of a learner results before and after adapting the 

game according to skill and difficulty level. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

This graph figure 9 shows that the learner may not finish the 

game because the questions are easy for him. As a result, the 

learner will have a better chance to leave the game. However, 

students who feel excited about playing a video game have a 

higher tendency to experience flow may not have helped them 

to learn from the game. After the game regulation difficulty, 

as presented in figure 9, according to the skill of the learner, 

we obtained the results as shown in the figure below. 

 

As presented in the fig 10 there is harmony between 

competence and question difficulty. The combination of these 

element, results a feeling of well-being that the mere fact of 

being able to feel it justifies a great expense of energy. This 

feeling creates an order in our state of consciousness and 

strengthens the structure of self. Self-development occurs only 

when the interaction is experienced as positive by the person. 

 

 

The pie chart figure 11 presents the distribution of learner 

interest according to parameters presented above after 

adapting the game difficulty according to learner’s 

competence, which they have been designed: F, A, B. We 

notice that the Anxiety takes 15%, Boredom takes 11%, 

however the Flow state 74% of the distributions. The obtained 

results show that the adapted game is more beneficial for the 

learners than the non-adapted one. 

 

In order that game bring an effective gain in terms of 

learning, it is necessary that the learner is able to take a step 

back and this in order to abstract rules of operation on the 

simulated world he manipulates. It is at this level that the role 

of the teacher can be crucial. It can help the learner become 

aware of what he has done and the elements he has observed, 

in so doing he can capitalize on what he has learned. For 

example, if we take the distribution of the students before 

regrouping them to the sub-team according to their level, we 

note according to the obtained results that the probability of 

abandoning the game is too high. On the other hand, if the 

game is within the learner's reach and is aware of the 

importance and pedagogical objectives to be attained, and if 

the teacher urges him to tackle new challenges as his skills 

evolve, the results will be very satisfactory. 

The implementation of such service will allow the 

improvement of the learning process by attract the learner 

interest, and motivate him to continue learning withthe game 

progression. Thanks to the obtained result the proposed 

solution will be more interesting with a large scale of data 

saved on knowledge base. Among the perspectives related to 

this work is the establishment of a system that will adapt 

serious games according to the prediction given by the 

proposed system, in order to increase learners’ motivation, and 

keep them playing for more educational benefits. 

The attractive field of motivation systems opens the 

opportunities not only for educational researchers but also for 

software engineers. The motivational system allows learners 

to be more immersed across the educational tools especially 

serious games. As presented below in the decision tree the 

players or learners are even in the flow emotional state if there 

is a harmony between competencies and difficulty. 

The analysis results based on this study are: performance on 

a knowledge test; perception of the state of flow during the 

gambling experience:  

The main contribution of this research: A better 

understanding of Flow in an educational context; Detection of 

Students at Risk; A new theoretical model linking difficulty 

and competence; Improvement of the game according to the 

results of the experiments. 

 

 

Fig. 10.  Distrubtion of a selected learner result after game adaptation 
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Fig. 9.  Distrubtion of learner result before game adaptation 

 
 

0
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Fig. 11.  Pie chart of emotional state after game adaptation 
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The adaptation based on the learners’ emotional state has 

proved its success, according to the obtained results of both 

learning analytics or the comparison of the tow version of the 

proposed game. Results show that students have more 

facilities to use the game and to progress through out problems 

after adapting the solution thanks to clustering result.  

This study has allowed us also to see that while motivation 

is at the heart of serious games, it still remains at the moment 

unknown and its potential is largely underutilized. However, 

there are several models that could be taken advantage of at 

many levels. In addition, motivation has been for ten years an 

extremely prolific research field in which it is possible to draw 

at the same time approaches, methods and concepts that can 

guide the design and use of serious games for the future.  

V. CONCLUSION 

The main objective of the current paper was the 

establishment of a system oriented services, able to analyze 

learner’s motivation during a game sequence. The integration 

of both machine learning algorithms and learning analytic 

methods in different steps of the analysis process has added a 

new smart layer that can automated the whole process and get 

relevant results that can be used by experts in order to improve 

learning process and acquire new skills in an interactive way.  

It is obvious that in future works, we will try to answer the 

raised problems of this work and to take advantage of it to test 

the other motivational models such as the Malone model and 

ARCS model by comparing the results with the current work. 

Also, our work can be expanded into a number of future works 

exploring other motivational strategies in our game, enhancing 

the intelligent aspect in the game and enriching the game by 

other missions for new educational objectives. 
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