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Abstract: Engineering degrees are often regarded as complex and one usual issue is that students struggle 

and feel discouraged during the learning process. Gamification is starting to play an important role in 

education with the objective of providing engagement and improving the motivation of students. One 

specific example is the use of badges. The analysis of users’ interactions and behaviors with the badge 

system can be used to improve the learning process, e.g. by adapting the learning materials and giving 

game-based activities to students depending on their interest toward badges. In this work we propose 

some metrics that provide information regarding the behavior of students with badges, including if they 

are intentionally earning them, the concentration for achieving them and their time efficiency. We 

validate these metrics by providing an extensive analysis of 291 different students interacting with a local 

instance of Khan Academy within our courses for freshmen at Universidad Carlos III de Madrid. This 

analysis includes relationship mining between badge indicators and others related to the learning process, 

the analysis of specific archetypal profiles of students that represent a broader population and also by 

clustering students by their badge indicators with the objective of customizing learning experiences. We 

finalize by discussing the implications of the results for engineering education, providing guidelines into 

how instructors can take advantage of the findings of the research and how researchers can replicate 

experiments similar to this one in other general contexts. 

Keywords:  badges; gamification; engineering education; distance learning; learning analytics; khan 
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1. Introduction 
Gamification can be defined as the use of game design elements in a non-game context [1]. Gamification 

techniques in education have been used broadly in the last years. The main reason to implement 

gamification elements in education is to improve the motivation and engagement of the student towards 

the learning goals. Engineering education classes are often complex and students might struggle. An issue 

in engineering education is the lack of motivation and engagement. We can find high rates of attrition and 

students do not have enough motivation to persist on the task of achieving an engineering degree [2]. 

Additionally, teachers find that majoring in engineering is harder than in many other subjects [3].  

 

The introduction of gamified environments in engineering education can help ease the path of students 

and keep them motivated. An example of engineering software with gamification elements is Pex4Fun 

[4], where students can have duels and earn badges with their interaction with engineering problems. 

Albeit some students might be very motivated towards gamification, others can feel discouraged, and 

perceive gamification features as unnecessary and confusing from the real objective  [5]. Therefore, here 

comes the need to develop indicators related to gamification, that can be integrated into the student model 

and use this information for adaptation purposes. However the inclusion of gamification indicators is not 

common on educational platforms, e.g. the review performed by Dyckhoff et al. [6] collects different 

indicators related to the learning process, but those that describe gamification features on educational 

contexts are not considered. 

 

Learning analytics involves the collection and use of educational data, applying modeling techniques to 

better understand student learning [7]. We propose the application of learning analytics technology to 

collect, transform and analyze data in order to detect which students are motivated and engaged with 

gamification features and in which way they use the gamification features. In this study we try to combine 

both approaches to analyze the behavior of students with respect to the gamification system in an 

educational case study. Specifically, we focus on one of the most used gamification techniques in 

education, which is the provision of badges. Badges are awards that students can receive by doing 

specific actions on an educational platform (e.g. some actions can be participatory like logging into the 



platform for several days in a row or related to learning skills, such as solving correctly 5 different 

exercises).  

 

The inference of indicators about students’ behaviors and interactions with badges is very important as it 

would shed some light into the question of which students are really finding benefits on gamification and 

those who are not. These indicators can be integrated into the student model and use this information for 

adaptation purposes. For example, if we can infer which students make actions with the intention to 

acquire badges and which students acquire badges without intention, then we can know which students 

are motivated by these achievements and we can adapt the learning process by applying specific learning 

techniques for these students. In addition, if we know the badges that are used more often and compare 

them with others, then we can make hypotheses about which badges might motivate more students or 

which of them have requirements too demanding; then we can make the proper actions to improve the 

learning process. 

 

For the aforementioned reasons we believe that the combination of both gamification and learning 

techniques can improve the current educational approaches on engineering education where gamification 

features are implemented with the objective of improving the motivation and engagement of students with 

the learning flow. Specifically in this study, we focus on analyzing students’ interactions and behavior 

with badges in an experiment with 291 engineering students using the Khan Academy platform at 

Universidad Carlos III de Madrid. The specific objectives of this research are the following: 

 

 Design and implement technological detectors that provide indicators to measure the 

intentionality, concentration and efficiency of students for the achievement of badges. 

 Apply, calculate and analyze the proposed indicators in a real experiment with 291 different 

engineering students using the Khan Academy e-learning platform. 

o Analyze the relationship among students’ intention, concentration and efficiency for the 

achievement of badges with other typical indicators of students’ performance and 

behavior.  

o Analyze different profiles of students and be able to group students by their behavior 

with badges by applying clustering methods with the ultimate goal of being able to find 

different behavioral profiles towards badges that can be used to adapt the learning 

experiences of students. 

 Discuss the implications of the results for engineering education, giving insights about how to 

take advantage of these results in order to provide badges or gamification activities to some 

students, or how to provide the gamification activities to the students. 

 

More specifically, the remainder of this paper is organized as follows. Section 2 presents a review of 

related works about gamification, particularly its application to education, and learning analytics. Section 

3 describes the methods used in the study, where in the first subsection we present the implemented 

detectors to infer the behavior of students with badges and in the second subsection we describe the case 

study. Section 4 presents the results regarding relationship and clustering analysis of students in different 

types of profiles and Section 5 discusses the application of these findings in engineering education 

providing also conclusions and future work.  

2. Related work 
 

The use of games is widely spread among different contexts, which encourages the use of game elements 

for educational purposes in order to provide a more immersive learning flow and improve engagement 

[8]. Many studies apply game components in non-game contexts. These techniques have been used in 

many different contexts; for example the introduction of game achievements in a photo sharing service 

[9] or the inclusion of gamification elements in eco-driving [10] showing a positive correlation with the 

use of the proposed eco-driving tips. Gamification has been tested in different e-learning experiments, 

reporting positive results. Some examples include a gamified AutoCAD tutorial [11] or a gamification 

system for Blackboard [12]. Hamari, Koivisto and Sarsa [13] presented a literature review of the 

empirical studies on gamification analyzing 24 research works. The results indicated that gamification 

yielded positive effects as a general rule but these effects were strongly dependent on the contexts and the 

users of the experiment. 

 



Additionally, learning analytics has been gaining importance within the educational field over the last 

years. In this work we use learning analytics techniques in order to model the behavior of the students 

with badges. In the literature, we can find several learning analytics tools to improve the support for 

instructors and students. As an example ALAS-KA [14] is a plugin for the Khan Academy platform that 

provides a set of more than 21 new different indicators related to the learning process; all the indicators 

have been grouped in 5 different modules of knowledge that can be used by instructors and students. 

Another example is Moodog [15] which is a plugin for Moodle which uses the data generated by the 

CMS to provide new statistics which have been categorized into 4 different groups. But indicators about 

the gamification process are not usually included, and that is one of the reasons why we feel encouraged 

towards advancing in developing new indicators related to the behavior of students with badges. Learning 

analytics have already been applied to educational games in different works. The amount of events 

triggered by users playing games makes harder to select which data can be useful to infer useful 

information. The work presented by Serrano-Laguna et al., [16] uses the source of data from an 

educational game to feed a learning analytics system to infer knowledge about the effectiveness of the 

students. Moreover, real-time learning analytics in educational games need to adequately match the 

dynamics of a game environment [17].  

 

Engineering education is tough for students, and it is often regarded as more difficult than other degrees. 

The engineering community is trying to find new models that help engineering careers be more engaging 

[3]. The use of games and also gamification elements in engineering courses and software for learning 

engineering topics is becoming more and more widespread. As an example we can find successful 

experiments where mathematics computer games have greatly improved the motivation of students 

compared to those who did not play them [18]; another example is with the specific problem of teaching 

computer programming skills to increase the success of novice programmers, where the learning curve 

might be quite abrupt [19]. We also can find in the literature several studies regarding gamification in 

education. Some works have reported very positive results using gamification in engineering classes, 

where students improved their level of understanding, their learning and reduced the stress of complicated 

classes [20]. Another study applies different elements such as scoring, levels, leaderboards, and badges 

finding that student satisfaction improved with respect to more traditional classes, as well as lecture 

attendance and other proactive behaviors [21]. However, gamified experiments can also led to negative 

side effects that can deteriorate the overall feeling of the learning experience. Specifically, gamified 

environment needs to be carefully tailored to the specifies of the course and tasks that need to be 

developed, and also to students that are taking the class [22]. Another possible counterpart is that 

gamification can be perceived as an extrinsic motivator, that is why a detailed design needs to be done, 

which should focus on boosting intrinsic motivational factors. We can find a successful experiment which 

tries to focus on intrinsic motivators within an Object-oriented Programming course, by improving the 

control of students, enhancing cooperation and the possibility to gain recognition [23]. Moreover, some 

techniques such as the competition can bring negative emotions but some competition systems have been 

created such as ISCARE [24], which can motivate students without generating negative emotions [25].   

 

In this work, our context is remedial courses for students accessing engineering degrees, and the 

environment is Khan Academy, which is considered as one of the pioneer platforms in Massive Open 

Online Courses (MOOCs).  There are many MOOCs on engineering education, however the huge dropout 

rates on these courses are probably the most important handicap. That is why gamification can play an 

important role to promote intrinsic motivation and participation of students to help improving completion 

rates also in MOOCs [26]. Additionally, we focus on a specific gamification element, which is the use of 

badges. In the literature there are other works which made use of badges in education. Some results [27] 

concluded that badges can have a positive effect on learner motivations, however as an extrinsic reward, 

instructors and researchers need to consider the possibility that badge systems can be counter-effective to 

the real goal, which is learning in this case. In our research, we did find some behaviors that might imply 

a real interest in badges and increase of participation, albeit that might not imply more learning and in 

specific students it could be not beneficial. There is a description and evaluation of the use of 

achievement badges in the TRAKLA2 online learning environment with 281 students [28]. They found 

that some badges can be used to affect the behavior of students and that differences in students’ behavior 

exist between each type of badge. Our conclusions in that regard are similar, as we also found that some 

badge types affected more the behavior of students than others. The systems Septris and SICKO [29] 

implement both learning analytics and gamification techniques to ascertain its viability in medical 

education obtaining good opinions from the users – although they did not try to address the behavior of 

users towards badges but only global results of participation. However, most of these works only report 

quantitative results either by surveys or by summarizing global usage of the platform. In this study we 



aim at modeling the behavior of students with the badge system, as done in a different context like Stack 

Overflow [30], [31]. The work of Gant & Betts [31] analyze the behavior of the users with only three 

types of badges as it is very hard to analyze all of them; that is the same approach that we follow, as we 

focus mainly on topic and repetitive badges (as explained in next section). It was demonstrated that the 

different badges indeed affected the behavior of users, boosting their amount of participation with the 

system. Nevertheless, after researching on the literature, we have not found other works that try to model 

the behavior of students with a badge system the same way as we do in this manuscript. 

3. Methods 

3.1. Description of the case study 
The case study is framed within the context of 0-courses that freshmen students take before starting their 

first year of an engineering degree at Universidad Carlos III de Madrid. These courses have an online 

period of time in August where students review the concepts by themselves. Next, students start the face-

to-face lessons that take place in September. A “flipped classroom” methodology is applied in which 

students should prepare the lessons at home before receiving the actual lecturing class. This methodology 

was used for the first time as a pilot initiative in August 2012 for a physics course and repeated again in 

following years for physics, mathematics and chemistry courses due to the success of the pilot experience.  

The data analysis that is presented here belongs to the physics, mathematics and chemistry courses of 

August 2013.  The courses are composed by a series of exercises and videos that have been developed by 

the instructors of each course. A total number of 30 exercises and 25 videos in mathematics, 30 exercises 

and 30 videos in physics, and 49 exercises and 22 videos in chemistry are available.  

 

Students who participate in these courses are freshmen who have enrolled to an engineering degree. Most 

of them have an age comprised from 17 to 19 years. The number of students is different for every course, 

taking into account that students might have different requisites depending on the engineering degree that 

they have enrolled. The number of students is 167 for the physics course, 73 in chemistry and 243 in 

mathematics. Note out that we have removed students who did not log into the Khan Academy platform. 

In addition, as some students had to enroll in more than one course depending on their engineering 

degree, the number of different students taken into account for this study is 291. 

 

3.2. Gamification system in Khan Academy 
 

Khan Academy incorporates innovative features such as learning analytics visualizations and 

gamification elements. These features are oriented to improve the learning experience as well as the 

engagement of students with the platform. Among the different gamification features of the Khan 

Academy platform, we can find a scoring system, setting up goals, and badges. We considered which one 

of the gamification features should be used for the study; we decided to remove the scoring system since 

it is not clear for students how to get more points and goals because only a few students made use of this 

specific feature. Khan Academy incorporates a wide badge system, which facilitates this study where we 

focus on the interaction with badges. Additionally, it is very easy for students to access the overview 

badge page1 with the requisites to earn each badge, thus we think since the badge system is very 

transparent for them, it is the best choice to try to infer motivation and intentionality in the behavior of 

students. Some of the badges are easy to achieve, and others are really challenging. In addition, there are 

different types of badge requirements, e.g. those related to problem solving, video watching or social 

activity, among many other things. Overall, there are way too many badges to try to infer the behavior of 

students with all of them, that is why in this study we focus mainly on two categories of badges, which is 

an approach that has been followed previously in other studies [29].  The two categories have specific 

characteristics as we describe next: 

 

 Topic badges: These badges are awarded to students when they accomplish to earn proficiency in a 

set of exercises (skills). In our experiment, the required exercises to earn one badge are always 

different from the others. This means that each problem will belong only to the requirements of one 

topic badge. Each one of these badges can be earned only once by student. As part of the experiment 

the badge system was customized and new badges were added in the case of topic badges, to match 

                                                           
1 https://www.khanacademy.org/badges 



the exercises that were developed for each one of the courses. A total number of 7, 12 and 16 topic 

badges were designed for the mathematics, physics and chemistry courses respectively. The amount 

of topic badges was in relationship with the amount of exercises in each course and the relationship 

between exercises, as related exercises were united to provide a topic badge about a specific area of 

knowledge.  

 Repetitive badges: We classify within this category those badges that can be earned repetitively by 

the same student as many times as students want (as long as they keep fulfilling the required 

conditions). Specifically in our experiment, we have two types of badges that fall within this 

category, which are called as Timed Problem and Streak badges. The first ones are delivered when 

solving problems rapidly, and the second ones when solving several exercises correctly in a row. 

Each one of these two types of badges have 5 different levels; for example the Streak type have 5 

different badges which are called Nice, Great, Awesome, Ridiculous and Ludicrous Streak badge 

which are earned whenever the student correctly solves 20, 40, 60, 80 and 100 exercises in a row 

respectively. The different levels of the Timed Problem type are quite similar as the former one. So 

there are a total number of 10 badges that can be earned repetitively and is the same amount for the 

three courses.   

 

As mentioned before, despite we focus on the two aforementioned categories of badges, there are many 

more in the system. For metrics that take into account the total number of badges, we consider a total 

amount of 53, 61 and 65 badges for mathematics, physics and chemistry courses respectively. 

3.3. Modelling students’ behavior with badges 
 

Some indicators which model students’ behavior towards gamification based on badges are proposed in 

this section.  The objective is to propose some measures which can provide a deep insight about the 

interaction of users with badges. The defined metrics are four: intentionality on topic badges (ITB), 

intentionality on repetitive badges (IRB), concentration on achieving badges (CAB) and time efficiency 

in badges (TEB). The specific Python scripts implemented to calculate these badge metrics mining the 

App Engine Datastore of our Khan Academy instance have been open sourced in a public GitHub 

repository2. For each indicator, we will first introduce the base idea about the behavior we are trying to 

detect and next how to operationalize it in our specific case study with Khan Academy. 

3.3.1. Intentionality for earning badges 
 

The requisites needed to receive each one of the badges are available in the achievements interface of the 

Khan Academy platform. Therefore, students have a full access to this information and they can know 

what actions must be fulfilled to obtain each award. In this direction, it is interesting to get to know if 

students are trying to maximize the amount of badges that they earn with their actions or if they are 

receiving these badges just as part of their interaction with educational activities but without any intention 

to get them. This knowledge would allow us to determine which students are motivated about earning 

badges and to adapt some decisions to this knowledge. For example, a student might be solving exercises 

in a way to get badges according to the badge requisites, but another one might be solving exercises in a 

way that he/she might not get any badges. As the badge system in the Khan Academy is very wide, we 

cannot infer this information from all the different types of badges. For example, how would it be 

possible to know if a student has commented on a video in order to obtain a social badge or just because 

he wanted to make a question? However, there are other cases in which we can try to infer the students’ 

intention for earning badges. This is the case of the topic and repetitive badges. We previously presented 

preliminary results regarding these two intentionality metrics but in this work we provide a much more 

thorough analysis [32]. 

3.3.1.1. Intentionality on topic badges (ITB) 
 

The subset of exercises that are required to earn a topic badge are always different; therefore, we can try 

to infer, if a student is trying to maximize the number of topic badges that he/she is acquiring, or if they 

are earning them as just part of the learning process. As an example, think out a student who has achieved 

proficiency in 21 exercises earning only two badges; now imagine a second student that has achieved 

                                                           
2 https://github.com/jruiperezv/clustering-badges 



proficiency in the same amount of exercises earning seven badges. Most probably we assume infer that 

the first student was not very interested in maximizing the amount of badges whilst the second one is 

showing more interest and intentionally fulfilling badge requirements.  

 

Figure 1 shows the flow diagram that we implemented in the Khan Academy platform in order to infer if 

a student is maximizing the number of badges acquired, and thus showing an intentional behavior. The 

implemented algorithm gets the number of problems that the student has achieved as well as the number 

of topic badges earned by the student; then it calculates the maximum number of topic badges that the 

student could have earned with that number of proficient problems in case he/she intended to do that. 

Finally the metric provides a percentage comparison that can range from 0, meaning that the student does 

not maximize at all, to 100, meaning that the student maximized the number of topic badges that he/she 

could earn. 

 

 

 
Figure 1. Flow diagram to calculate the intentionality for topic badges. 

3.3.1.2. Intentionality on repetitive badges (IRB) 
 

In our experiment students should solve exercises until they achieve a proficiency level on the exercise 

(skill). We focus on measuring intentionality on these badges because we can know if students are 

earning the badge as part of the normal learning process or not. Therefore, if we see a student that keeps 

earning repetitive badges, then we would be able to detect if the student is intentionally earning more and 

more of the same type.  

 

The specific rationale that follows this implementation is based on the idea that students should solve 

exercises of the same type, until they get a proficient level and master the skill. Upon achievement of 

proficiency, students receive a notification from the system, and they should stop doing exercises of this 

same skill and move on to the next one. In the case that students keep doing exercises of a skill in which 

they are already proficient, and they keep earning repetitive badges this way, we hypothesize that are 

earning those badges on purpose. Finally, we can compute a percentage on the amount of repetitive 

badges that were earned intentionally, and that would give us a clue about if the student is trying to earn 

badges on purpose instead of as part of the learning process.  

3.3.2. Concentration on achieving badges (CAB) 
 

Students can devote all their consecutive actions into fulfilling the requirements of one badge. On the 

other hand, students can carry out different actions in the middle, which are not related to the 

requirements of that badge before actually receiving the badge. The definition of concept of concentration 

is independent from the one of intentionality, because one aspect is the intention to achieve a badge while 

another aspect is if the student is focused on earning a specific badge and all his/her consecutive actions 

are to this end or if there are intermediary actions in between which are not related to earning that specific 

badge. However, the two concepts might have a correlation since if students are concentrating all their 

consecutive interaction into achieving a badge, then they are intentionally earning them. 

 

As stated before, the wide variety of requisites in the badge system makes very difficult to propose a 

model that could be applicable for all of them. In addition, some requisites of some badges do not apply 

well into this indicator. For example, it does not make sense to say that a student is concentrated into 

voting a video. This concentration indicator would apply only to those badges which are awarded for a 

specific chain of students’ actions. A similar approach [31] is found on a work on Stack Overflow, where 



they focus on badges in which the progress of the user towards achieving that certain badge can be 

determined and not on those badges that are earned as a result of just one action. 

 

We have designed and implemented an algorithm to detect students’ concentration on topic badges. Since 

topic badges have as requisites a fixed set of exercises, we can track if students have done the required 

exercises in a consecutive way or others in the middle before earning a topic badge. Following this 

criterion we can infer the proportion of the previous exercises that a student attempted that actually 

belong to the requisites. It is important to remark that students have freedom to select the next exercise 

they are going to do in the platform and they can select any of them at any moment.  

Figure 2 shows the flow diagram to infer the concentration of students when earning topic badges. We 

will retrieve all the badges earned by the user and analyze the previous actions for only those which are 

topic badges. For each topic badge that the student has received, the algorithm retrieves all the attempted 

exercises between the last topic badge (in case is the first one, it retrieves all the exercises attempted until 

the current time) and the current badge. Next, the algorithm analyzes which of the exercises belong to the 

requisites of the current badge. The following step is to calculate the concentration of the student when 

acquiring the current badge. Finally repeating this process for all topic badges that the student has earned, 

we can calculate a global level of concentration for the student. This level of concentration gives an idea 

about if the student is focused in fulfilling the requisites to receive badges in a continuous and 

concentrated way or just attempting exercises and earning the badges by chance or they like to earn 

badges but in a disperse way and not a concentrated one. 

 

 
Figure 2. Flow diagram of the algorithm that calculates CAB indicator. 

3.3.3. Time efficiency in badges (TEB) 
 

Students devote a certain amount of time interacting with the platform. In addition, this time can be 

divided into different activities such as watching videos or solving exercises. The time invested by 

students can be used to obtain measures which give insight about the number of badges they earn per unit 

of time. This can allow a comparison between the different students to see which of them are more 

efficient in terms of time towards achieving badges. In this direction we propose an indicator for the time 

efficiency in badges (TEB) defined as the total number of badges divided by total time in the platform. 

Additionally, this indicator could be particularized for different badge types, i.e. only badges related to 

exercises and time spent in exercises. This indicator can provide supplementary information regarding the 

efficiency of students towards earning badges. 

 

Although the definition of the time efficiency in badges indicator is independent from the intentionality 

definition, a correlation might be found with the intentionality because students who have intention to get 

the badges might have a better efficiency and earn more badges in less time. 



4. Results 
In this section we present the results after implementing and applying all the indicators of section 3.3 to 

the data generated by students in the case study described in section 3.1. We divide the results in three 

subsections, the first one performs relationship mining analysis, the second one reports some archetypal 

profiles of students and the last one clusters students in regards of their badge indicators. All the results of 

this section have been performed using R software, except for the Two Step Cluster analysis of 

Subsection 4.3 which was performed using SPSS.  

4.1. Relationship between badge indicators and others 
 

This subsection presents the correlation of the badge metrics with other metrics related to students’ 

behavior during the learning process. In addition, we calculate the relationship of the gamification 

indicators among them. The objective is to present the existing and underlying relationships between the 

badge indicators and others, in order to learn more about the relationships of gamification behavior 

towards badges of the students in a Khan Academy course and make reasonable hypothesis. Table 1 

describes the Bivariate Pearson correlation (N=291, two-tailed) of the badge indicators with several 

indicators. We apply a Bonferroni correction in order to reduce the probabilities of finding false 

significant correlations. The asterisk marks those correlations which are significant at the 99% level after 

applying the Bonferroni correction. We have divided this analysis into three sections which are separated 

by lines within the table. In addition to the badge metrics we include here other metrics related to the 

learning process which are exercises accessed (EAC), videos accessed (VAC), exercise abandonment 

(EAB), video abandonment (VAB), total time (TT), use of optional activities (OA), proficient exercises 

(PE), and completed videos (CV). These indicators are part of the two first sections of the table and have 

been previously described in our work [33][34]. The third group shows the correlation between the four 

badge metrics with themselves. 

 

The first section of indicators is composed by EAC, VAC, EAB, VAB, TT and OA which are related to 

the total use of the platform. As we can see many of these indicators have been found statistically 

significant with badge metrics, which makes sense and we can hypothesize that the more use of the 

platform students do the more badges they earn. First thing to notice is that all these indicators have been 

found statistically significant with the indicator TEB. In addition, EAB and VAB have been found 

negatively and significantly correlated with several badge metrics. Although this correlation is pretty low, 

we believe that it might indicative that engagement plays an important role in the motivation towards 

earning badges. The indicators which were less correlated to badge metrics are VAC and VAB, which are 

coherent results taking into account that most of badge metrics does not take into account video activity. 

Finally EAC, EAB, TT and OA are strongly correlated with most of the badge metrics. 

 

The second section of relationships is related to the correct progress in the platform. The correlation with 

CV is significant but low, as there are less video badges than those who are earned by solving exercises. 

The correlation with PE is the highest of all indicators which is probably related to the big amount of 

exercise badges that can be earned repeatedly and also due to topic badges. Two of these correlations are 

especially significant, first with ITB (0.737, p < 0.000), which makes sense since students who have more 

proficient exercises are more likely to earn more topic badges as well. Secondly with TEB (0.625, p < 

0.000), which also makes sense due to the more proficient exercises, more badges the student will earn, 

hence TEB will also be higher.  

 

The last section of the table which is separated by a double line presents the correlations among the badge 

metrics with themselves. All the correlations have resulted to be statistically significant probably due to 

the fact that when one student shows motivation towards earning badges it will be reflected in several of 

these indicators. We should point out the correlation between ITB and CAB (0.859, p < 0.000), which is 

the highest of all the correlation analysis. One hypothesis is that this correlation is very high as the 

students who are concentrated earning topic badges are also probably maximizing and earning as many 

topic badges as possible. 

 

 

 



Table 1. Bivariate Pearson correlation of badge indicators with others indicators 

 

 

4.2. Analyzing the behavior of specific students 
 

This subsection focuses on specific users and tries to select some archetypal students that can derive to 

represent a broader subset of the population. We provide a radar chart in figure 3 in order to visualize 

different types of profiles of students and be able to do a comparison regarding the different indicators. 

We will analyze their behavior as well as the interest for badges of the selected students based on the 

indicators. Figure 3 shows the radar chart of Students A, B, C, D and E. The values of the indicators 

represented in the plot have been normalized in order to be in the interval [0~1], where 1 would represent 

the highest possible value of the indicator among all students and 0 would represent the lowest one. In the 

radar chart we represent starting from the bottom and going counterclockwise the four badge indicators: 

TEB, CAB, IRB, and ITB in that order. Additionally, we present the indicators CV, PE and TT to help us 

have an idea about the interaction with the platform done by those students.  

 

Student A has devoted a great amount of time in the platform, actually we can see that TT indicator goes 

straight to 1 which is the maximum normalized value, meaning that is the student who spent most time in 

the platform (2458 min). Just an additional note, that amount of time doubles the one of the second 

student in terms of TT in the experiment. Additionally we can also see also that Student A completed all 

videos and achieved proficiency in almost all exercises. He/she was able to acquire a total amount of 934 

badges, and 43 different types of badges. Student A showed an impressive interest on the badge system, 

as we can see in both ITB and IRB indicators. But he did not do the actions necessarily in a consecutive 

way to achieve the badges, i.e. he did several activities in parallel to achieve different types of badges. In 

addition, he was not super-efficient in achieving badges, this can also explain the big amount of time that 

he needed to spend on the platform. Our hypothesis is that Student A has probably invested that 

impressive amount of time because he was very interested in earning badges and he just kept going and 

going becoming the top earner among all students. However he was not very efficient in achieving the 

badges and did several actions in parallel to get different types of badges instead of concentrating in doing 

all the actions consecutively to achieve a specific type of badge.  

 

Student B devoted less time (1168 min) but still managed to complete a high percentage of the course 

(100% of videos completed and 60% of exercises), and showed a high IRB and CAB. However Student B 

did not have a high ITB. This might be caused due to the fact that achieving these types of badges is more 

difficult and requires more effort. Student C spent a similar amount of time (762 min) and made a similar 

progress (80% of the videos completed and 40% of the exercises) as Student B, however his/her badge 

indicators are very low which indicates that Student C did not have a high interest in badges. 

Student D devoted a good amount of time (927 min) completing almost all videos and exercises in the 

course. The results also show that Student D has average badge indicators which pointed out that he/she 

Bivariate Pearson 

Correlation 

two-tailed (N=291) 

Intentionality 

on Topic 

Badges 

Intentionality 

on Repetitive 

Badges 

Concentration 

on Achieving 

Badges 

Time 

Efficiency 

in Badges 

Exercises Accessed 0.456* 0.464* 0.361* 0.438* 

Videos Accessed 0.305 0.322* 0.228* 0.225* 

Exercise Abandonment -0.456* -0.327 -0.399* -0.352* 

Video Abandonment -0.177* -0.125* -0.168 -0.049 

Total Time 0.510* 0.409* 0.372* 0.338* 

Optional Activities 0.489* 0.358* 0.345* 0.446* 

Proficient Exercises 0.737* 0.511* 0.563* 0.625* 

Completed Videos 0.326* 0.302* 0.251* 0.279* 

Intentionality on Topic 

Badges 
1 0.445* 0.859* 0.552* 

Intentionality on Repetitive 

Badges 
0.445* 1 0.417* 0.573* 

Concentration on Achieving 

Badges 
0.859* 0.417* 1 0.459* 

Time Efficiency in Badges 0.552* 0.573* 0.459* 1 



was not exceptionally motivated by badges but made use of them. Finally Student E invested a low 

amount of time (249 min), showing low progress where he only completed 16% of the exercises and 20% 

of the videos; however the results pointed out that he was very interested in badges as both intention and 

concentration indicators are almost in the maximum. 

 

 
Figure 3. Radar chart of the indicators of five selected students with different profiles. 

4.3. Clustering students by their badge indicators 
 

In this subsection we apply an unsupervised learning algorithm in order to be able to cluster students in 

groups with similar badge indicators. We would like to know which students have been motivated by the 

badge activity and group them together according to their preferences. This information can be used to 

divide all the students into different groups in order to customize the teaching methodology of each 

group.  

 

We have decided to use a Two-Step Cluster analysis since we do not know how many groups we should 

find. This algorithm gives its best performance when all variables are independent and have a normal 

distribution, however it is very robust and it performs well when these conditions are not met. Both 

Kolmogorov-Smirnov and Shapiro-Wilk test confirm that the distribution of the four badge metrics can 

be considered as normal and the variables are independent, thus the conditions are met.  

We apply the Two-Step Cluster algorithm leaving the number of groups to be determined by the 

execution of the algorithm automatically, with a Log-likelihood measure for distance and a Schwarz’s 

Bayesian Criterion for clustering. Finally, we choose the badge indicators ITB, IRB, CAB and TEB as 

continuous variables for the clustering algorithm. We will also use PE, CV and TT indicators as 

evaluation fields to support the interpretation of the results from the algorithm output. 

The Two-Step algorithm has selected three clusters providing a good cluster quality in terms of cohesion 

and separation (0.75 in a quality ranging from -1 to 1). The smallest cluster has 70 students (24.1%) 

whilst the largest has 149 students (51.2%) providing a ratio of sizes of 2.13; the middle-sized cluster has 

72 students (24.7%). The predictors’ importance for the four continuous variables has been 1.0, 0.94, 0.79 

and 0.31 for IRB, CAB, ITB and TEB respectively.  

 

Figure 4 shows a boxplot visualization with the results about the distribution of the clusters. The 

horizontal axis represents the different indicators, and the cluster is encoded by greyscale, and always 

follows cluster 1, 2, 3 order from left to right. The vertical axis represents the scaled values (0 minimum 

to 100 maximum) of the distribution among all students. The upper plot represents the four badge metrics 

that were used to cluster students, and the bottom plot represents the evaluation fields. 

 



 
Figure 4. Overview of the results of a Two-Step Cluster analysis using badge indicators as inputs. 

 

The information provided by figure 4 showing the boxplot visualization of the badge indicators and 

evaluation fields per cluster, can be used to learn what type of students compose each group: 

 

 Cluster 1: The first cluster is composed by the 24.7% of students. We can rapidly perceive that the 

students who belong to this cluster are those who have put the greatest effort in the platform in terms 

of amount of PE, TT and CV. The mean value of PE is 46.88%, for CV 46.76%, and for TT is 489.2 

min per user on average, which are all high values. In addition, they have high values in all badge 

metrics when compared to the rest of the clusters. The average user of this cluster made an important 

investment on time, as well as progress in exercises and videos, showing also interest in the badge 

system. 

 Cluster 2: The second cluster is composed by the 51.2% of the students and it is quite the contrary of 

the first one. These students have made a low effort using the platform, we can see that on average 

they have invested 125.8 min per user obtaining only 1.72% in PE and 18.93% in CV. In addition, 

they have not shown interest in any of the badge indicators.  

 Cluster 3: The third cluster is less clear than the others two being composed by the 24.1% of the 

population. We can see that students within this cluster have invested a decent amount of time with 

314.8 minutes per student, however their progress has not been so good with only 17.91% of PE 

which is much lower than cluster 1 and 39.07% in the case of CV, which is lower than cluster 1 but 

not that low. The badge metrics show that ITB and CAB have very low average values (1.94 and 

3.20) but IRB is even higher than in the in cluster 1. Finally the TEB indicator shows a moderate 

value. Therefore, this cluster concentrates students who have very low ITB and CAB and therefore 

they are not doing an organized effort towards achieving badges, but the very high IRB value 

demonstrates that they are very eager to earn those repetitive badges, thus they are interested in the 

badge system. These students have invested a moderate amount of time but they have not achieved a 

great progress, additionally they have shown low ITB and CAB but the highest average IRB indicator 

of all clusters. 

 

The interpretation of these results will be further discussed in next section. Additionally, we use a high 

dimensional data visualization denominated as parallel coordinates to represent the tendency of each one 

of the students in the different clusters. Parallel coordinates represents consecutive parallel axes in which 

an n-dimensional point will be represented as a polyline with vertices on the parallel axes. This type of 

visualization can be used to detect 2D patterns and it is often use for clustering purposes. Figure 5 shows 



the visualization where each polyline represents a student characterized by his/her badge indicators, and 

the vertical facet represents clusters 1, 2 and 3 in that order starting from above. The representation shows 

students that belong to clusters 2 and 3 are very alike as there are almost no outliers.  Cluster 1 is 

composed of a more diverse source of students but all of them have shown an interest in the gamification 

indicators. As we can see the data representation is very similar as the discussion we offered previously, 

and the students belonging to each cluster are very similar, thus we think that the results and groups from 

the clustering analysis are good. 

 

 
Figure 5. Parallel coordinates visualization of the badge metrics per student and separated by cluster. 

5. Discussion of implications for engineering education  
 

Engineering education presents several issues regarding engagement and motivation. Engineering degrees 

are often regarded as difficult and students in their youth do not really feel excited towards following an 

engineering career. A report by ASQ informed that the overwhelming amount of 85% of kids said that 

they were not interested in following an engineering career [35]. Moreover, it was found that both the 

expectancy- and value-related motivational beliefs of students decreased over the first year of an 

engineering degree [2]. The introduction of game-thinking and game elements within educational 

experience can increase the motivation and engagement of students to participate in a course, as shown in 

an artificial intelligence course for computer science engineers [36]. There are numerous approaches that 

seek to improve motivation and awareness of engineering classes both at precollege and college level, 

however, creating a good technology-enhanced learning experience is not trivial and requires a very good 

design and to have the correct alignment with the course [37]. As an example we did find in our study 

students that their behavior indicated that they were motivated by gamification features and others who 

were not. Thus it is important to be able to discern students who enjoy using these features and those who 

do not, so that the learning experience can be adapted to achieve the final goal, which is improving the 

motivation and interest in learning of all students within an engineering course. 

 

The correlational analysis shows that the different gamification indicators are highly related although 

their definitions are different. For example, it provides the level of relation of a student who has intention 

to obtain topic badges has also of obtaining repetitive badges, the concentration or the efficiency towards 

them. We also found that the badge indicators are strongly correlated with those indicators related to the 

use of the platform and also to those about the progress in the platform. On the one hand, the most natural 

line of thinking is that making activities in the platform leads to achieve badges if they are done according 

to the badge requirements, therefore this relationship is quite obvious; on the other hand these results can 

also suggest that students who are motivated towards badges improve their engagement and participation 

with the platform, and that would eventually lead to more time and interaction with the learning 

resources, which could imply that students would also learn better the contents. This hypothesis would 

suggest that the use of badges can imply an increment of participation and interaction with the platform, 

for those engineering students that feel motivated towards the use of badges. Additionally we saw how 



the VAC and CV indicators were correlated also with badge metrics, although the specific definitions of 

these badge metrics do not take into account at all interaction with videos. Despite these correlations are 

low, we speculate they exist due to the fact that those users who completed a lot of videos probably show 

an engagement with the platform and this engagement can also be in relationship with their interest on 

gamification. The very high correlation between ITB and CAB can indicate that students who are really 

attempting to learn topics are concentrating in this task, as this would be indeed consider as good 

behavior which would be worth encouraging, e.g. by providing in-time feedback on how they are 

advancing towards a learning goal and achieve a badge in order to increment their motivation.  

 

We have argued why it is important to increase motivation for engineering students and how gamification 

can help do that. However some students might feel very motivated and others will not, that is why we 

have characterized students depending on their badge indicators. We also reported on the findings of 

other works where not all the students felt motivated, but quite the opposite, where some students would 

reject this new methodology and have a negative effect on learning [27][21][22]. Here comes the need of 

knowing which students can get benefits from gamification and who will not instead of forcing all 

students to go by the same path. Moreover, in subsection 4.2 we showed how students with a similar 

interaction with the platform, can clearly have different badge indicators, which helps us know if the 

student is interested in badges, which type of badges or if he/she is concentrated in earning them. This 

information can be useful to customize learning experiences to the preferences of each student. This 

would be particularly interesting in engineering education to improve the motivation of students, where 

virtual learning environments could use this type of profile and metrics to boost gamification aspects of 

those who are really interested, or recommend it to students who are not really using it. 

 

In addition to customizable learning environments for students, we can also be interested in clustering 

students with similar preferences for group formation purposes, i.e. to make working groups or classes 

setting up together students that might feel motivated by the same features. Usually in engineering 

courses there are plenty of practice sessions where groups are often assigned either by decision of 

students or by random assignment, but not on more objective criteria that can help students working 

together benefit from similar preferences. We presented results after performing a Two-Step Cluster 

analysis by clustering students according to their badge indicators. We were able to see three clusters of 

students who had a similar behavior while interacting with the platform. We can use these three clusters 

to divide them into different classes or groups and adapt the learning pedagogy of each one. For example, 

students within cluster 2 did not show a high motivation using Khan Academy platform and its learning 

concept by exercises and videos, and they were not very interested in earning badges. Therefore, these 

students could perform better if a more traditional learning approach is applied. Students within cluster 1, 

have found interest in the Khan Academy format with online videos and exercises, and their badge 

indicators are also high. Therefore, this class will probably perform well using innovative methodologies 

like ‘flipping the classroom’ and if part of the learning process involves gamification elements. Finally, 

cluster 3 is composed of students who accomplished a moderate progress, but they have shown a very 

important motivation towards earning repetitive badges. Therefore instructors teaching this class could 

add some gamification elements in order to motivate students in their learning process. Additionally, we 

also performed a cross tabulation between the clusters that have been obtained and the gender and course 

of students. This categorical variable analysis reveals if there exists any association between these 

variables. The Pearson Chi-Square Test reports that there are not significant associations between the 

cluster of the student and his/her gender or the course they were taking. Therefore, we assume that the 

gender and the course did not have an important influence on how students were elected for each cluster, 

and that there is not significant impact of gender and the course on the badge metrics results. 

 

One issue is the possibility that students start earning badges for the mere joy of earning them instead of 

learning, which is the actual goal of the course. In this case, badges become extrinsic rewards that might 

actually significantly and substantially undermine intrinsic motivation as found in the literature [38]. For 

example, previous work found that participatory badges that are eventually earned by most of the 

learners, had minimal to none relationship with measure of skill [27]. In our experience we described in 

subsection 4.2 the example of Student A, who managed to earn more than 900 badges in the experiment 

by earning many repetitive badges, which clearly shows an intentional behavior and interest in earning 

badges. Furthermore we were able to confirm that this type of student profile is not an exceptional 

singular case, but quite the opposite as the clustering algorithm detected a cluster of students who had a 

very high interest in repetitive badges, but not that much in the topic badges (that are more related to 

actual learning achievement), and this cluster of students did not accomplish to make a very good 

advancement in the platform. We wonder if repetitive badges, that can be earned repetitively by solving 



the same exercise correctly many times, are not having a negative impact on the intrinsic motivation of 

some students, since they keep solving the same exercises to earn more badges, although they already 

mastered that skill and they are not learning anything new. In this direction badges related to learning 

skills, as the ones we denominated in our research as topic badges, can be more connected to internal 

motivation [27]. That is why although we do believe that the use of gamification in engineering education 

can help improve participation and engagement, when implementing external awards the design should be 

focused on promoting intrinsic motivation where students want to do something and find meaning in their 

work [39], to accomplish this the key is to use the correct approach and suitable motivation techniques 

[23]. We should also mention that as main limitation to our conclusions is that we are attributing to the 

online behavior of students in our experiment, a cognitive and pedagogical interpretation that cannot be 

confirmed. That means that we are making an interpretation of the students’ actions based on a model 

based on reasoning (e.g. if all the student actions on the platform are to achieve badges then we infer that 

the students intentionality is to get badges). But it is very difficult to know the students’ real intentions 

since this is something internal to the students so there is some uncertainty about it. A possibility for 

future work is to perform a survey to students about their interest and motivation in badges to know their 

self-report of intentionality and compare with the proposed indicators. Regarding the external validity and 

generalization of ours results we think that if an experiment is replicated under similar circumstances and 

badges (topic and repetitive badges in the case of the intentionality behavior), similar clusters of students 

should be found and similar conclusions might be applied. We note out two important characteristics of 

the experiment; the first one is that most students were around 17-18 years old and accessing an 

engineering degree, the second is that the interaction with Khan Academy was non-mandatory. If we 

change these characteristics, e.g. a more diverse range of demographics and/or a mandatory learning 

activity, we might find that different results are reached (e.g. older and busy students might not be that 

interested in spending extra time in the platform only to earn more badges). 

 

With the objective of enhancing the reproducibility of this research study, we have prepared an additional 

report using R Markdown which can be found in the GitHub repository3, and it includes the R code used 

for all the analysis and visualizations of Section 4 as well as aggregate statistics for all the students and 

each cluster of students separately. This way the entire process, code, data, libraries and algorithms are 

much more transparent to the readers, and can be replicated if they are interested. Additionally, even 

when these indicators have been initially defined for the specifics and context of Khan Academy 

platform, they can be easily extended to other learning environments that use badges. For ITB indicator, 

practitioners should take into account topic badges that are delivered when a subset of predefined 

exercises are completed. It is important to note out that each exercise can be part of only one of the 

requisites among all the topic badges. IRB indicator should consider those badges that can be earned 

repetitively by students without much effort. CAB indicator should consider badges that are earned by a 

chain of requisites, while TEB is quite general without any restrictions. If the requirements for these four 

metrics are not fulfilled in other e-learning platforms, they should be redefined although the general idea 

from them can be taken.   

6. Conclusions 
 

The work conducted in this paper has been focused on analyzing the interaction of students with the 

badge system of the Khan Academy platform in an educational experiment with three different courses. 

We have proposed and implemented four high level indicators about the students’ interactions with the 

gamification system. These indicators measure the intentionality of students to earn badges (both topic 

and repetitive ones), the concentration or disparity to achieve them, and the time efficiency on this task. 

We provided correlation results between these badge indicators and other metrics related to the use of the 

platform and progress with exercises and videos. Finally, we used the badge metrics as inputs to apply 

cluster analysis finding three different clusters of students and discussing how these clusters could be 

used for adaptation purposes in order to enhance the learning experience of students. 

 

As future work several approaches can be followed. For once we would like to extend some of our 

models to detect intentionality in different types of badges, but also test these models in different 

educational contexts with virtual learning environments that might have different badges. An interesting 

direction would be to survey students about their interest in badges during the experiment, and check for 

correlations with our badge metrics; this would allow us to learn if the online behavior of students is 

                                                           
3 https://github.com/jruiperezv/clustering-badges/blob/master/ReportClustering.pdf 



actually related to how students feel with respect the badge system. Finally, we would like to know if in 

the case of those students who felt motivated by badges, that motivation actually led to a better learning, 

and we could do that by inferring learning gains by doing a pre- and post-test before and after interacting 

with the learning environment. 
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