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The rapid and intense development of distance learning in recent years has led to increasingly comprehensive solutions, recording students' activity in the form of learning traces. Adapted learning systems can exploit this data to analyze students' behavior and help them be more successful in their learning process. In this paper, we propose an approach that is new in data mining, which consists of representing the behavioral dynamics of a set of students through Behavioral Primitives. A Behavioral Primitive represents the temporal evolution of learning indicators to model the behavior of a group of students. The primitive then corresponds to a dynamic distribution, representing both the mean values and the variance of specific indicators over time. We experiment this method on a known, widely used, and open dataset (OULAD). Our results confirm the relevance of the proposed methodology to characterize students' behaviors intelligibly and visually while respecting each student's anonymity. Our work provides a powerful and explainable tool for educational actors. It allows them to analyze learners' behaviors and perform pedagogical actions.

Introduction

This paper reports a contribution to student modeling, as it describes a new approach to visualize learners' digital behavior, thanks to a dynamic representation of its evolution over time. It relies on what we call behavioral primitives to draw a realistic picture of the students' digital behavior.

The COVID-19 pandemic crisis has resulted in the intensive use of Virtual Learning Environments (VLE) in most educational institutions worldwide, leading to an increasing volume of digital traces of learners' activities. Learning Analytics (LA) provides tools to analyze and visualize this unprecedented collection of educational data, supporting a better understanding of the students' behaviors, abilities, and difficulties. A significant issue in LA deals with the release of easy-tounderstand and explainable decision support tools to teachers. Even if many approaches exist to represent dynamically and globally a set of educational data, they mainly remain hard to understand and interpret for a teacher. The challenge is there to answer the following research question: how to globally and dynamically represent a set of educational data to provide teachers with an easy-to-interpret synthetic vision of their learners?

We propose to address this global issue by designing a new approach. Using [START_REF] Treuillier | Identification of class-representative learner personas[END_REF], we first preprocess the data by 1) choosing three learning indicators that characterize learners' behavior on the VLE. These indicators are computed from the digital traces collected on the VLE. 2) taking homogeneous groups of students sharing similar behaviors according to these indicators. After this pre-processing, we define Behavioral Primitives, which could be viewed as a distribution of the evolution over time of all the selected indicators for a given group. The tool allows a global picture of digital behaviors: teachers can choose a global synthetic vision of the students population's behavior or a snapshot of a given student enabling the detection of abnormalities. To summarize, this paper proposes to contribute to the global research question by addressing a more specific research question: Do behavioral primitives allow a relevant representation of the dynamic behavior of a students group? Experiments based on the OULAD public dataset will illustrate the contributions of this paper.

The paper is organized as follows: the next section will give a global overview of our proposed approach to model learners' behavior. Section 3 starts with a description of the case study and synthesizes the main results obtained with the OULAD dataset, answering the two specific research questions. Before concluding and some perspectives on this work, we will show the different types of analysis that can be made from a teacher's perspective.

A new approach to model learners' behavior

We address our research question with a new approach, called Behavioral Primitives, which models the evolution over time of the digital behavior of a group of learners (defined by similar behavior). This model is an innovative representation of learning behavioral changes based on Probabilistic Movement Primitives [START_REF] Paraschos | Probabilistic movement primitives[END_REF]. They provide the dynamic of learners' behaviors over time. This model is a way to answer the question: "How does your learners' behavior change over time?"

We first detail this approach in the following subsection. Its potential contribution is then applied to a specific case study based on an open, well-known, and quality dataset, described in the next section.

We first give a quick overview of what exists in the literature to explain what motivated the choice of a dynamic representation of behaviors.

Related works

Existing Dynamical representation of learning behaviors. Since data mining (DM) is usually applied to big data, the results of mining techniques are sometimes complex to understand and interpret. This is why LA researchers' common preoccupation is finding ways to make the results of DM intelligible so that non-DM experts, such as teachers, can use them. Thus, the search for a visual representation of DM results has become a widely studied topic. In [START_REF] Daniel | Visual data mining techniques[END_REF], Keim et al. present different techniques to visualize the results of well-known DM algorithms.

Visualizations in LA usually allow improving the dashboards of students and teachers. Let us note that some of the visualization techniques are specific to e-education, as in [START_REF] Yoo | Student progress monitoring tool using treeview[END_REF], where Yoo et al. propose displaying a competence tree for each student. This tree represents the percentage of skills acquisition defined beforehand, and it is updated according to the student's skills acquisition over time.

Most of these visualizations are, however, static and the state of the art concerning dynamic visualizations, representing the evolution of the students' behavior over time, is more limited, even if some of them are widely used (such as the "Scatter and Column graphs," presented in [START_REF] Jin | Application of visual data mining in higher-education evaluation system[END_REF]). The most famous of these visualizations might be the "learnogramm", which represents the evolution of different data types from a student's logs over time. For example, in [START_REF] Ben-Zadok | Examining online learning processes based on log files analysis: A case study[END_REF], "learnograms" map the mined events in types of activities (simulation, game, test...) over time. In [START_REF] Hershkovitz | Developing a log-based motivation measuring tool[END_REF], "learnograms" represent the cumulative number of pages explored in different contexts to compare them. We can also note various types of time series [START_REF] Jarke | Cluster and calendar based visualization of time series data[END_REF], allowing to describe the online activity over time, where we precise the dates of exams to interpret the behavioral evolution of students. Usually, in student or teacher dashboards, the average of the students' marks (or other values) in a course is often presented on one graph over time. Another well-known type of dynamic visualization is histograms. In [START_REF] Shi | Vismooc: Visualizing video clickstream data from massive open online courses[END_REF], the authors give the number of students watching different types of videos over the past weeks using histograms. In [START_REF] Wang | A novel approach to compute pattern history for trend analysis[END_REF], an approach named "pattern histories", allows analyzing the temporal evolution of sequential pattern support (the support is the sequence number in which a pattern appears). Dermy et al. [START_REF] Oriane | A dynamic indicator to model students' digital behavior[END_REF] find the same history graphs for Time-Interval patterns.

However, in all these works, there is no representation of the dynamic of a students group over time. This is what we propose in this article, based on a new approach called behavioral primitives. To our knowledge, there is no existing research work in the field of education based on such an approach. The closest existing visualization to our approach is presented in [START_REF] Shi | Vismooc: Visualizing video clickstream data from massive open online courses[END_REF]: this visualization is called "Event graphs". The Event Graphs correspond to the maximum number of clicks the students make over time. This click number is computed for different types of videos (reading, assignment, experiment...). In the description of their visualization, the authors talk about "distribution", but in reality, it only represents the maximum student's click number at each timestamp. So it isn't a distribution modeling of the global behavior of the students. This is precisely why we propose to use behavior primitives, allowing to represent the behavioral dynamics of students group over time.

Behavioral Primitives We assume in this paper that, even if students' behavior evolves over the course, there are what we call here "Behavioral Primitives". A Behavioral Primitive corresponds to an elementary representation of the behavior of a group of students over time, meaning that the primitive encapsulates the trends (mean and variance) of the group of students' behavior over time without representing individual, specific, or isolated behaviors. Therefore, we are looking for a method to a) describe students' behavior over time and b) extract behavioral primitives that make students' behavioral changes understandable. In response to a), thanks to online student traces, we can represent the values of different types of data (number of clicks, grades, delay...) over time. We can then model this data as a trajectory, a movement. We hypothesize that discovering "behavioral primitives" is similar to finding "movement primitives", which is a vast research topic initially inspired by nature [START_REF] Simon F Giszter | Convergent force fields organized in the frog's spinal cord[END_REF]. Artificial movement primitives generate the sequence of points of a trajectory from a parametric temporal model or by a parametric dynamic system. Many methods have been proposed in the last decades, such as Gaussian Mixture Models [START_REF] Sylvain Calinon | A task-parameterized probabilistic model with minimal intervention control[END_REF][START_REF] Mohammad | Learning stable nonlinear dynamical systems with gaussian mixture models[END_REF], Dynamical Movement Primitives [START_REF] Auke | Dynamical movement primitives: Learning attractor models for motor behaviors[END_REF], Probabilistic Representation for Dynamic Movement Primitives [START_REF] Meier | A probabilistic representation for dynamic movement primitives[END_REF], or Probabilistic Movement Primitives [START_REF] Alexandros | Probabilistic movement primitives[END_REF]. A summary of these models can be found in [START_REF] Oriane | Movement Prediction: From Simple Gesture to Whole-Body Movements[END_REF]. Movement primitives are mainly used in human and robotic movement modeling. The most used of these methods is certainly the Dynamic Movement Primitives (DMPs) [START_REF] Auke | Dynamical movement primitives: Learning attractor models for motor behaviors[END_REF][START_REF] Schaal | Dynamic movement primitives-a framework for motor control in humans and humanoid robotics[END_REF][START_REF] Meier | A probabilistic representation for dynamic movement primitives[END_REF] method. However, this method requires a priori knowledge of the trajectory's final position (a position included in the trajectory model). This does not match our case, where the final student's behavior is unknown. We, therefore, use ProMPs, which are further detailed in the following subsection. We selected this method because it has been shown that it allows the recognition of a movement's intention [START_REF] Oriane | Movement Prediction: From Simple Gesture to Whole-Body Movements[END_REF], which we can translate in our context as the recognition of a student's behavior. By capturing the average of students' behavioral dynamics (which is usually done) and all the variability of these behaviors over time, we provide teachers with a much more complete view of students' learning. This full view allows them to adapt their teaching, given the average students' behavior and the whole class. Now, we will show how these behavioral primitives (ProMPs) can be implemented. What are ProMPs? Consider charts of newborn weights. They represent the average and percentiles of the classical child weights over the years to have a model of the characteristic weight of newborns. ProMPs do the same to represent the students' behavior (determined by indicators, c.f., Sec.3.2) over time. An excellent tutorial [START_REF] Ajmera | Probabilistic movement primitives[END_REF] allows readers to be more comfortable with ProMPs. Mathematically, it is a Bayesian parametric model constructed from recorded trajectories corresponding to the same movement. In our case, a "movement" corresponds to a group of students' behavioral (indicators value) evolution. This model allows learning a trajectory distribution over trajectories representing this movement. A trajectory corresponds to any evolving value(s) of one or more parameters over time (i.e., the trajectory can be multi-dimensional). For example, trajectories in Figure 2a represent the evolution of the number of clicks over time for 54 students (all students of a specific group). Note that this figure illustrates the model for scientists but is not intended for non-experts. Future results will be easier to interpret. A trajectory is modeled as:

The Probabilistic Movement Primitives Model

Ξ = [ξ(1), . . . , ξ(T )] = Φ [1:T ] ω + Ξ , (1) 
where:

• Ξ is the discretized trajectory to model (here the click number over exam dates).

• ξ(t) is a vector containing the multidimensional values (here the clicks number) of Ξ at each timestamp t.

• T is the last timestamp (here the 240 th day, which is the last exam date).

• Φ t is a matrix of M Radial Basis Functions (RBFs), evaluated at time t : Φ t = [φ 1 (t), φ 2 (t), . . . , φ M (t)]. These RBFs are scattered across time.

(In Figure 2b, M=11 and the RBFs are Gaussians:

G(i) = e (t-c i ) 2 h , with c i = i-1 M , h = 1 M 2 , ∀i ∈ [1 : M ]).
• ω ∈ R X is a time-independent parameter vector weighting the Φ matrix; X = |ξ(t)| × M the dimension of the trajectory (In Figure 2c, X = 1 × 11: 11 weights model each trajectory, presented by 54 blue dotted lines).

• Ξ ∼ N (0, β) is the imprecision of the trajectory model. For each observed trajectory Ξ i , we compute the ω i parameter vector that minimizes the error between ξ i (t) and Φ t ω i + ξ , by using the Regularized Least Mean Square algorithm (Figure 2c). With n observed trajectories (here, n = 54) of a same movement, we then have a set of [ω 1 , . . . , ω n ] parameters upon which a normal distribution is computed:

p(ω) ∼ N (µ ω , σ 2 ω ), ( 2 
) with µ ω = 1 n n i=1 ω i , and σ 2 ω = 1 n-1 n i=1 (ω i -µ ω ) (ω i -µ ω ).
We thus have a ProMP represented by: Ξ = Φω + Ξ . (Figure 2d presents the result of our example, where the bold line represents the average of the movement distribution, and the shaded area, the 97.5 percentile, referred as variance throughout the paper). This method gives a visual, global (with average and variance), and easy-to-interpret representation of a movement from a set of trajectories.

3 Illustration with a case study

The Open University Learning Analytics Dataset (OULAD)

In this paper, we use pre-processed data and 4 sub-datasets processed in [START_REF] Treuillier | Identification of class-representative learner personas[END_REF]. The open-access OULAD dataset [START_REF] Kuzilek | Open University Learning Analytics dataset[END_REF] 

Selection of learning indicators and students' groups

Student interactions on the learning platform are associated with 20 different types of activities. Among all of these, the authors noticed that forumng, oucontent, homepage, and subpage activities are the most important predictors of engagement [START_REF] Hussain | Student Engagement Predictions in an e-Learning System and Their Impact on Student Course Assessment Scores[END_REF]. Thus, the study focused on these 4 types of educational material. Then, the authors defined different learning indicators, which correspond to relevant parameters, providing useful information about the learning quality. In this paper, we focus on 3 of their learning indicators: engagement [START_REF] Hussain | Student Engagement Predictions in an e-Learning System and Their Impact on Student Course Assessment Scores[END_REF], performance [START_REF] Arnold | Course signals at Purdue: using learning analytics to increase student success[END_REF], and reactivity [START_REF] Shirvani Boroujeni | How to Quantify Student's Regularity?[END_REF],

but teachers could choose other ones, according to their needs. In particular, we selected the most variable indicator (engagement) proposed in [START_REF] Treuillier | Identification of class-representative learner personas[END_REF], to show the ProMPs method's ability to represent the most complex data. Responsiveness to Delay between submission course-related events date and deadline Tab. 1: Definition of each learning indicator and associated features selected in OULAD.

were calculated over the total duration of the module during each exam. Knowing that there were 14 exams during this module, each indicator is calculated 14 times for each student. These 14 time-stamped values (date of the 14 exams) can be seen as a one-dimensional movement of student behavior. The "engagement" indicator is calculated over each period between two exams. The values of each indicator correspond to a dimension of the student's "behavioral movement". We thus have a multidimensional trajectory, representing a student's behavior according to all the indicators.

For each sub-dataset (see Section 3.1), we took the homogeneous subsets of students presented in [START_REF] Treuillier | Identification of class-representative learner personas[END_REF], to differentiate one group representing the larger proportion of the students (i.e., we delete outliers). Thus we have: distinction (53 students), pass (451 students), fail (357 students), and withdrawn (427 students).

The following subsection then describes how these subsets are used to model behavioral primitives.

Behavioral Primitives Application to model Student's Behavioral Changes

In the previous section, we retrieved, for each students group, a set of multidimensional trajectories. Each trajectory corresponds to the evolution of a student's behavior over time, where each dimension represents the evolution of a learning indicator over time. We now use ProMPs to compute a probabilistic distribution on each set of trajectories. Let us recall that the ProMP model contains different parameters to be tuned (c.f., Section 2.2). First of all, the number of Gaussians used to model the motion (c.f., Fig. 2), Gaussians that are spread over time (14 timestamped exams): the more Gaussians there are, the more accurate the motion is, the fewer Gaussians there are, the smoother the movement is. In our case, we use 5 Gaussians to represent the dimensions of the movement representing the performance and reactivity indicators, and 11 Gaussians to represent the dimension representing the engagement indicator.

The following sub-sections will give pieces of evidence to the second scientific question: "Do behavioral primitives allow a relevant representation of the dynamic behavior of a students group?".

Multidimensional ProMPs per Students' Group

First, we want to verify if the ProMPs allow representing in an interpretive way the behavioral tendencies of each prime students group over time. We represent the different Note: the reactivity indicator is calculated from the exams submission delay. Thus, the higher the value is, the lower student's reactivity is.

students' groups dynamically using temporal distributions (ProMPs), then we analyze the information obtained through these distributions. Figure 3 shows these results. Each sub-figure represents a students group distribution.

Explanation. Let's focus on the 1 st sub-figure (Fig. 3a). Each row corresponds to an indicator (Engagement, Performance, and Reactivity). The 1 st column corresponds to the observed data, and the 2 nd to the ProMP generated from these data. In this 2 nd column, the bold line represents the average of what students do (average value of the indicator) and, in shaded, the variance. On the x-axis, each stick corresponds to an exam number.

Distributions succeed in representing the global tendency of students' dynamical behavior. We can notice that in each sub-figure, the engagement indicator (1 st line), real data (1 st column) vary a lot from one exam (e.g., one x-axis stick represents one exam) to another. It is then difficult for teachers to interpret the students' behavioral evolution. The model (2 nd column) shows students' behavioral trends by smoothing data. This smoothing is caused by having fewer Gaussian distributions than there are notes. By putting 14 Gaussians, we obtain a more precise model, no longer representing the general trend (c.f., Picture in [START_REF] Dermy | Picture of a precise ProMP for the distinction students' group[END_REF]).

Analysis of the engagement indicator: the same tendency at different scales. By looking at the graphs representing the engagement indicator, we can notice that the ordinate axes do not all have the same scale. This implies that student groups are not equally engaged. However, we can see the same global shape over time, where at the beginning, students are the more involved, maybe because of their curiosity at the first learning session. Then, their engagement decreases still the 4 th exam, followed by a more stable period of engagement until the end of the course. A visible peak of activity appears during the period before the 9th exam, even if this peak is very small for the withdrawn students' group (c) and can be detected visually only thanks to the variance of the behavioral primitive.

Analysis of performance indicator. Since this 9th exam, the "performance" indicator decreases a little, even for the distinction (a) and pass (b) groups. This might be correlated to the "peak of activity" of the engagement indicator just before this exam. By analyzing these results, teachers could understand why. It could be because the subject of this exam requires more engagement from students because it deals with a complex learning skill.

The variance of the "performance" ProMP is less significant for students in the distinction group than those who succeed without distinction. In all cases, the averages remain high. For those who fail and withdraw, the average tends towards a bad average (around 0, and rapidly for those who withdraw).

Identification of dynamical behaviors. From these distributions, we identify two types of dynamical behavior. The first one contains the distinction (a) and pass (b) students' groups, where the performance evolution is stable and where students react quickly (with a slight delay) during the whole time. The second one contains the withdrawn (c) and fail (d) students' groups, where the performance declines to 0 more or less quickly and where the engagement is low.

Correlation between indicators. The distributions highlight that performance and reactivity are two correlated indicators: we can see that the distribution of these two indicators is symmetrical for each students group. Indeed, when means tend to 100, corresponding delays tend to 0 or even less. When the average tends to 0, related delays tend to 250, the max number of days to return the work.

About the Distinction group variance. Since the number of students in the distinction group (53) is 8.5 times smaller than the number of students in the pass group (451), one could hypothesize that it is the number of data that causes the difference in variance on the Performance ProMP's dimension (Figures 3a and3b). However, the variances of the Engagement dimension are similar, which invalidates the hypothesis. In fact, with very few students (few learning trajectories), we can model the "classical variance" of a homogeneous students' group behavior.

Next step. In these analyses, we highlight that ProMPs smooth the data variation. For some case studies, this smoothing can limit the model. Thus, a question arises. Can we adapt the model to modify the smoothness of the primitive according to the given application or the user's choice? The following sub-section answers this question by tuning the Gaussian number of this model.

Impact of the number of Gaussians on the representation of the behavioral dynamics

Second, we want to explore how the model can be tuned to represent more or less accurately the trajectory distribution. To do so, we analyze how the number of Gaussians used to represent the data impacts the final ProMP model. To clarify the presentation of the results, we focus here on the performance and reactivity indicators because the variations of these indicators' trajectories are similar and require the same number of Gaussian distributions.

We test four different models, using 3, 5, 7, and 8 Gaussian distributions, spread over time (14 timestamps for each mark). Each column illustrates such a model. The first line represents the The results show that the more Gaussian distributions there are, the more accurate the model is.

Average analysis. On each graph, the average, represented by the bold line in the middle of the distributions, becomes more and more precise when Gaussian distributions are added to the model. This is especially visible in the case of the "reactivity" indicator, where we can see that in the first column (model composed of 3 Gaussians), the model poorly represents the final variation (where students tend to submit their last assignment early). From 5 Gaussian distributions, we see that the average can describe this phenomenon.

Variance analysis. Concerning the variance, we notice that the more Gaussians there are, the more the model represents the whole variance of trajectories. However, it should be noted that the more Gaussians we add to the model, the more the computational complexity increases (expensive matrix calculation).

Limitation of the model. We can notice that the variance is symmetrical around the average, which is due to the Gaussian distribution choice. Thus, these behavioral primitives better represent groups of students whose behavioral variation among students follows a normal distribution. This is not totally the case with the Reactivity dimension of this behavioral primitive. Indeed, distinction students submit their exams on the expected days. Hence, the average curve evolves around "0" days, and some of them submit their exams in advance, so there is a variance of around 10 days below the average. Since we use Gaussian distribution, the variance also appears above the average in the behavioral primitive.

Next step. The next issue is: "can we easily compare the dynamic of the different groups?". Section 3.3.3 answer this question by overlaying distributions.

Comparison between Students' Groups

Third, we check if ProMPs can capture the behavioral differences over time between students groups. To do so, we compare the behavioral dynamics of the different students' groups by overlaying the corresponding ProMPs.

Highlight the identification of dynamical behaviors. The two tendencies presented in sub-section 3.3.1 are highlighted. For the first tendency (pass with or without distinction), the score averages remain steady and high (between 60 and 80 for those who pass without distinction and between 80 and 90 for the others), while delay averages remain close to 0. The most significant difference between these two kinds of distributions concerns the variance. The scores and delays of students who pass without distinction are more variable than those who have distinction. For the second tendency (fail with or without withdraw), the score averages fall to 0. The average of those who fail is initially higher than those who withdraw. Symmetrically, we see that their reactivity averages increase up to 240 days, which shows that they take longer and longer to submit their work until they do not submit it at all. Analysis of the engagement indicator. The behavioral primitives of those who fail and those who succeed are less distinct. Still, if we look closely, we can see that the averages of those who fail tend rapidly towards "0", as early as the 4 th exam. In contrast, the students who succeed have a similar average and variance, which remains globally the same despite the fluctuations (between 0 and 500 clicks). It should be noted that the variance of those who fail is significant and exceeds the average of those who succeed, showing that there are "fail" students that are as involved in the courses as those who succeed. This result can be seen again by looking closely at Figure 2d. In particular, in the period before the 9 th exam, although the average of those who fail is close to 0, there are students who fail who, like those who pass, have made an extra effort of engagement during this period. Finally, we want to detect the evolution of a particular student's behavior. We thus provide a tool for teachers to detect the behavioral specificity of a given student so that they can act positively to help her/him in his/her learning. Figure 6 presents in dotted lines the student's indicators evolution over time. We can verify visually that each dotted line is included in the behavioral primitive with the same color (e.g., (a) the pink dotted line is included in the pink "Fail" distribution; (b) the green dotted line is included in the green "Pass" distribution). Note that there are big dots at each exam date (each x-axis tick label). Their color corresponds to the more similar behavioral primitive at that timestamp. For example, the first big dots in (a) are green because the student has initially a behavior similar to students who pass.

Consistent behaviors. The indicators of the student who succeeds with distinction and the student who withdraws follow really accurately the corresponding behavioral primitives.

Inconsistent behaviors. Regarding the student who passed (Figure 6b), (s)he comes close at given exam periods to the distinction behavioral primitive. The light blue areas represent these periods: during the period before the 9 th exam, the student has an engagement similar to distinction students. As a result, we can see that his/her performance is similar to distinction-student regarding exams 9, 10, and 11. Perhaps, if his/her teacher had sent him/her encouraging messages during this period, the student would have been motivated to continue his/her efforts and could have succeeded with distinction.

Regarding the student who failed, her/his indicators values are also well within the corresponding students' group distribution. However, at the beginning of the year, her/his behavior could also match someone who succeeded. In the areas shown in light blue (upstream of the 8 th and 10 th exams), we see a distribution shifting from the "pass" students' group to the "fail" one. If teachers detected these periods early enough, perhaps they could have carried out a particular action to give her/him the possibility and the desire to succeed. Just after these light blue areas, the student seems to have dropped out: (s)he no longer submits her/his exams.

Conclusions and perspectives

In [START_REF] Treuillier | Identification of class-representative learner personas[END_REF], learning indicators and homogeneous students' groups have been defined, to create narrative description of these groups. These learning indicators model students' digital behaviors statically. The goal of this paper is to extend this work, by providing teachers with an overview of students' elementary behaviors over time. To do so, we looked for a visual and easy-to-understand representation of the behavioral dynamics of a group of students. This behavioral dynamic must be representative of the group, without modeling individual behaviors. To our knowledge, there is no such approach. Thus, we created one, named "Behavioral Primitive", which model the dynamic distribution of students' behavior, thanks to the ProMPs method (c.f., Sec.2.2). This method gives the average and variance of all learning indicators over time, based on Gaussian distributions.

The experiments show that Behavioral Primitives succeed in representing the dynamics of students' behavior (Sec. 3.3.1); with more or less precision depending on the needs (Sec. 3.3.2); but also to compare students' groups (Sec. 3.3.3); or even to compare a specific student with the students' groups (Sec. 3.3.4). These results show that teachers can analysis their students' behavior, enabling them to customize their course.

This new approach opens up a vast field of research, thanks to the probabilistic aspect of the model. Notably, we will attempt to statistically estimate the future student's behavior (including their grades), given the students of the previous year behaviors. Besides, ProMPs will also allows the generation of trustworthy and artificial data according to the dynamics of different students' groups. Finally, even if we have collected informally positive feedback about the visualization from teachers, we intend to conduct a study in real-life situation.
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 2 Fig.2: Explanation graphs of the ProMP model. In this toy sample, we represent the dynamic evolution of the click number over time (here on 20 timestamps, where the last one is at the 240 day) for the group of 54 students that succeed in their exams.
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 3 Fig.3: Data and ProMP for each students group. Note: the reactivity indicator is calculated from the exams submission delay. Thus, the higher the value is, the lower student's reactivity is.
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 6 Fig. 6: Overlaying dynamics of two students' behavior (dot lines) on the students' groups distributions.

  Table 1 gives details about these 3 indicators. These three indicators

	Learning	Definition	Computed features
	indicator		
	Engagement Students' activity	Number of clicks
		on the VLE	
	Performance Students' learning	Scores obtained in the
		outcomes	assessments [0-100]
	Reactivity