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ABSTRACT

Distance computer-assisted learning is increasingly common, owing largely to the expansion and development of e-
technology. Nevertheless, the available tools of the learning platforms have demonstrated their limits during the pandemic
context, since many students, who were used to “face-to-face” education, got discouraged and dropped out of school. In
this context, a main issue is to conceive tools that would allow the teachers to supervise their students at a distance, by
monitoring their progress and ensuring follow-up action as required. Another issue is to equip the learning platforms with
intelligent systems able to guide the students involved in pedagogic activities.

In this work, we propose a novel architecture of recommender system for vocational higher education that provides the
students with personalized advice and the teacher with suitable information, in order to make the task of monitoring easier
and involving them in the machine learning. Our system is supposed to act in a hybrid environment, and, for this purpose,
has to explain its predictions in an interpretable and faithful manner, both to the students and the teachers, so that the former
can determine the relevance of what is suggested and the latest can act on the future analyses and recommendations. This
is a multi-layer architecture, so that each step of the recommendation process is meaningful, thus explicable to the users.
The design of this architecture is a preliminary stage of a recommender system. It is designed on top of a learning digital
infrastructure exploited since 2018 by the 1000 students of Bayonne Institute of Technology.
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1. INTRODUCTION

This paper relies on the assumption that the future of vocational higher education will be hybrid. If there
was still a need for evidence, one year and a half of COVID pandemy in our university has demonstrated that
the learning interactions offered by available Learning Management Systems (LMS) to students (e.g. Moodle
and its available plugins) are useful, especially when lecturers and teachers are accompanied by pedagogical
engineers ; but used as a whole, these LMS are considered quite inappropriate by teachers to foster and support
active learning in and out of the classroom. In the works presented in this paper, we use the Moodle Platform
as an organised container providing the students with learning opportunities (description of available exercises)
and with resources in relation with the competences addressed by these exercises: course contents, wikis,
forums, tutorials, quizzes... Nevertheless, in our institute, most of the available exercises are realized outside
of the Moodle environment, face to face for half of a group (8 from 16 or 15 from 30 in the COVID context)
and also at a distance for the second half of a group and thus, thanks to dedicated virtual environments offering
the required professional tools. For example in the context of a computer-science curriculum in our institute,
students are called to practice C++ exercises with a code editor including a debugger, some test scenarios.
Those at a distance can reach these programming tools thanks to a single internet connection, then also can
cooperate in a synchronous way through screen-sharing and showcase facilities; and all the students (those in



the campus and the others at a distance) can also take advantage from the Moodle resources also put at their
disposal. This stuff can be later used by students to go deeper by themselves into the learning material. From
a pedagogical viewpoint, this hybrid approach for practising on authentic exercises and on teaching through
practice has demonstrated all its strengths all this year-long but also the following important weakness: teachers
have encountered difficulty to succeed in eliciting which students to tutor in priority, which students should be
considered as a single group to advice at a given stage of a session, ... They asked for a system that could assist
them in managing the learning process followed by their students and the most motivated teachers agreed to
spend time and provide us with their pedagogical expertise in an applied research focusing on a recommender
system for learning from authentic learning situations.

Different directions have been proposed to design such recommender systems. Some studies have shown
an initial relationship between personality profiles and meaningful learning profiles (e.g. [arruda2019]), so that
it is important to provide the students with student-centered environments and propose them stimulating
activities in which they take an active part. Moreover, many Al works in e-learning aim at conceiving auto-
adaptive platforms, where different environments are available, so that one of them can be assigned to a student
depending on them profile, obtained from tests or questionnaires (e.g. [klavsnja2011, schiaffino2008,
wolf2003]: on the basis of standard learning profiles, such as those defined by Honey and Mumford
[honey1989] or Kozma [kozmal991] for example, several potential interfaces or sequences of pedagogical
activities are designed, each of them being associated to a defined profile.

Nevertheless, these applications address total automation, while numerous researches aim at teaming Al
with people in order to improve joint performance and efficiency. In particular, in the context of e-learning,
hybridization ensures that the teachers can follow each student’s progress despite the distance, which deprives
the teachers of direct view on their work: without Al, this would be a very onerous and time-consuming task.
This is why an intelligent system is required to detect the students who need particular attention and increased
monitoring (e.g. students at risk of dropping out of school, or experiencing significant difficulties). But we
assume that the principal responsibility for helping and guiding students should remain with teachers and not
placed on the Al authority: the teaching practices, the pedagogical support, the human capacity to tailor their
actions to the individual situation cannot be replaced with machine learning and algorithms, since many factors,
such as motivation, are hardly automatically measurable. The very issue of learning profiles appears
questionable [claxton2013, rohrer2012, stahl2002], since assigning a student to one single profile and,
therefore, one type of interface or sequence, means reducing them to one way of learning, when students can
have various learning behaviors, strategies, and needs depending on situations. Yet, one of the main challenging
issues in the conception of dynamic recommender systems is to take into account the possible conceptual shifts
(e.g. user preferences, item popularity) in order to adapt the system to the user’s evolving behavior and
expectation [rana2015]: this is a key factor of the recommendation improvement [vinagre2015], in particular
in the multimedia field [rabiu2020]: the recommender systems used to work on static offline setting, but, in
today’s fast paced life, there is now a need to process the temporal dynamics in order to select the adequate
recommendations, considering the moving contextual data (e.g. time of the day, season, physical location,
user’s current activity, dynamics of the evolution of its relations into its networks)

Thus the purpose of our system is not to propose a predefined and static model of pedagogical activities to
a student according to their assessed type, but recommend them suitable activities at a given time, depending
on the difficulties they meet and what they have done so far. Indeed, while the distance learning enables the
students to work when they want (i.e. gives them the ability to manage their own time) and gives them access
to a multitude of activities and resources to practice and learn, this makes the real-time and exhaustive
monitoring hardly possible and requires the assistance of a Al.

For these purposes, it operates at two levels, which are interwoven. A first level, which is based on an
improvement detection system, aims at guiding the students who are engaged in a task and proposing them
suitable activities according to the encountered problems and the situation of the student. A second level update
a teacher’s configurable scoreboard that indicates the recommendations that the system has done, the students’
behaviors and feedbacks, and highlights those who need particular attention. According to the feedbacks and
their own expert analysis of what is reported, the teacher can decide to change the recommendations or rectify
the class allocation (i.e. choose which category the student should have been placed in).
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Fig. 1: System operation

Regarding the Al designed to operate in a hybrid context, accuracy is far from being the only preoccupation
[grosz1996]. In spite of the accuracy decreasing that such a multi-layered architecture can imply, it allows a
better understanding of how Al works, thus better control. If accuracy has been regarded as the major
development for years and is still a major research issue, much recent concern has been focused on trust in Al,
especially for the conception of successfully creating human-Al teams. Indeed, recent research has
demonstrated that an increasing Al accuracy does not always translate to a better general team performance
[yin2019, 1ai2019] because it is closely link to the quality of the relationship between the human and the Al
(i.e. trust, knowledge of the limits and the potentials of the Al, understanding of system operation, etc.). That
is why it is important to find a compromise between accuracy and comprehensibility - and that is what why try
to reach in this study.

2. OVERVIEW OF THE RECOMMENDER SYSTEM

2.1 The recommendation process

Our recommender system is designed to help students in choosing relevant activities depending on their
situation. Its main purpose is to recommend useful and interesting resources or tasks to e-learners based on
their different learning and gesture behavior, and other meaningful attributes. It is integrated in the Moodle
environment, because this is free Open Source software package, widely used at our University and others.
Moreover, we can use the Moodle logs to track student activity, thus have relevant information about their
attendance, attempts, preferences, etc. When the systems used in e-commerce, vod platforms, social networks,
etc. mainly implement content-based, knowledge-based or collaborative filtering techniques to recommend
items, these methods cannot be directly applied to the e-learning area. Indeed, in e-learning, recommendations
must take into account that the learning courses, activities, and materials need to be proposed in order to ensure
that the prerequisites of some courses are met and that they match their particular in-time needs. Hybrid
recommender systems (i.e. recommender systems combining different techniques) are more popular for e-
learning than single recommendation method-based systems for avoiding the drawbacks of individual
recommendation methods. Since our system has to adaptively model and respond to the change of the learner
profile and propose them adequate activities, it has to find similarities between users to determine which kind
of activities are interesting and relevant for the target user at a given time, taking into account the strong
influence of the context, but also consider the complex pedagogical relationship between items in e-learning.
We consider that students can experience difficulties in some subjects but feel very comfortable with others,
and this may change over time, depending on the addressed notions, their personal lives, the course
organization, etc. It is therefore necessary to take into account all aspects, either external and internal, that can
dynamically contribute to the emergence of the student’s specific need, and that have to be identified to detect
this need. That is why our approach needs to both recommend activities that have been proven to be relevant
for learners with close profiles in similar contexts and integrate knowledge-based techniques.



Despite this system is designed as a general recommender system for different types of courses, the first
completely implemented and tested version will be for an introductory C++ programming course, since the
reflection needed to be contained within the framework of one particular pedagogical situation, so that, as the
teachers involved in this class, we can study how we recommend activities to students during the in-person
classes, thus how the Al could do it in our place. Therefore, some tools used for the improvements detection
in a C++ program are not suitable for any other type of task, but the architecture is thought to be generic. As
we can see on the fig.2, a first step is to detect the possible improvements to the student’s work. This can be
done in an automatic way or through a questionnaire. The questionnaire is designed by the teachers, who select
the relevant questions that enable the system to measure or assess the achievement of task objectives. The
questions can be tailored for every single exercise or automatically assigned through a labelling system: a set
of questions can be initially writte by the teacher for one label, so that he only has to tag a task with this label
to associate the questions to it. For example, in the case of a C++ programming task, the questions could be:
”Do your variable names describe what your variables are for?”, ”What kind of structure do you use to
implement your sorting function?” ”Try to assign O to this variable. Does it work?”. There are checkboxes for
each question on the questionnaire, and the answers allow direct detection of improvements. Questions can be
added later, if the teacher notices that some important aspects to assess are missing. This tool has two main
objectives. Firstly, as we have just mentioned, it is a detection mechanism. Secondly, it allows the active
implication of the student in the understanding of the possible improvements of what they have done. By
answering the questions, they operate a structured review of their own work, assess their practices by
confronting it to the explicit objectives of the task, check for missing exception cases processes, etc.

There is another detection tool, which is completely automatic, based on three elements. The first element
is the student’s work, that can be, to some extent, assessed by an automatic tool designed for what we want to
check (e.g. spell and syntactic checker, anti-plagiarism system, parser generator tool that builds a concrete
syntax tree of a program), sometimes by comparing it to a second element, which is the teacher’s solution. The
third element is the professional gesture, which permits to detect whether the student has adopted the good
practice (i.e. the professional practice, as taught in their courses) during the task. For example, in a
programming task, the examined issues can be: Has the code been progressively written, by validating each
step with a compilation operation? Has the student used the debugger to analyse the execution errors? Is the
code structured and developed in an incremental way? The information about the professional gesture is got
from a tool that we will describe more precisely in section IV.

Both improvement detection tools are complementary. Indeed, some questions are hardly detectable in an
automatic way, thus the questionnaire appears to propose a more complete check. Nevertheless, the student
may have not checked the right box (i.e. the box associated to their situation) for several reasons, such as they
have not understood the question or improvement that could be done, or also because they do not want the
improvement to be detected. With the automatic detection tool, some improvements will be detected despite
this, and a conflict situation will be raised so that the teacher is informed.

The student’s situation, whose description is necessary to recommend them a suitable activity, depends on
three main elements: how they feel during the task (i.e. does he seem confident, hesitating, etc.?), the quality
of their learning process, and their historical relationship to the selected improvement. Thus, the system
integrates four distinct processes, which are, on a first level, the selection of the main improvement, the
student’s quality of learning, and the student’s gesture analysis. This student’s gesture (i.e. hesitating,
confident, etc.) is different from the professional gesture that we have mentioned above, since the former is
dedicated to describe how confident or hesitating a student feels during a task, and the latter describes how
much the student has assimilated the taught professional practice. Once the detection is completed, the list of
improvements is processed by a selection algorithm, which chooses one improvement regarded as a priority
issue. The teacher will be able to know every improvement detected if they are interested in; moreover, the
information about which improvement is selected and which are not is stored in the database to feed further
processing. The algorithm will be described more precisely in section Ill. In the same time, a classification
allows to allocate the student’s gesture to a class, and another permits to identify to what class belongs the
student’s quality of learning. Both classifications will be described in section IV. Those three processes will
allow to get the student’s situation class through a third classification process. Then, the system is able to
recommend to the student an appropriate activity thanks to the predefined teacher’s recommendations: this last



step requires that the teacher has precised, for every possible situation (i.e. every class provided by the situation
classification), which activities would be relevant. Those are generic activities that refer to available Moodle
activities (e.g. reading a lesson, asking to a classmate, doing an exercise, posing a question on a forum); among
them, the recommander system is able to choose which are available for this specific improvement (i.e. which
resources and tasks have a label related to the improvement one) and relevant for the particular situation of the
student (i.e. what the student has already done or not).
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Fig. 2: Architecture of the system

2.2 Explainable recommendations

Once the recommendation is done, the student can choose to follow it or not, and is invited to assess its quality:
does it meet their needs? Are they happy with their gesture assignation? Do they agree with the improvement?
These feedbacks allow the teacher to improve the system, in particular by improving the questionnaire,
modifying the weights they have associated to the possible improvements, and assigning the student’s gesture
or the student’s learning quality to the suitable classes if the previous classifications appear to be inaccurate.
In this way, the teacher is actively involved in the student monitoring: they can choose what recommendations
are made depending on situations, know which difficulties are met by every student, and reajust the
classification processes from their own analysis and observations. Thus Al explains its decisions to the teacher
by providing them with every information it has used to take them, and, this doing, ensures that they can keep
control on the recommendation process, and tailor them to their pedagogical practices. Similarly, the student
can understand why this recommendation, for which improvement, etc, to help them become more aware of
them and learn how to step back and assess their own work more effectively - in order to make them be
gradually more autonomous. This allows to increase the user’s trust in the system and keep them being actors
of the student monitoring for the former, and their learning for the latter.



2.3 Labels and tags

The system requires that the teacher has conceived a skill graph for their course. This is a directed graph, in
which they indicate what are the skills learnt and practiced during the course, in what sequence (i.e. which ones
are prerequisites necessary for others). Each skill corresponds to one label, so that every improvement, every
resource, every task should be tagged by the corresponding label (i.e. the skill to which it refers). The more
detailed it is, the more precise the recommendation can be; nevertheless, the skill graph can be improved and
developed over the years. As we can see of Fig 3, there are two possible relations: dependencies and
membership relations. A, B, C, D, D1, and D2 are skills. There are dependencies relations between A and C,
A being a prerequisite necessary skill to C, between B and D2, and between C and D1. There are membership
relations between D and D1 and D2, D1 and D2 being subskills of D.

3. SELECTION OF THE MOST IMPORTANT IMPROVEMENT

Among all the detected improvements, the recommendation concerns one of them, which is regarded as
primary, so that the student can concentrate on every point one by one, with the computed priority order. The
algorithm take five parameters into account: the situation of the improvement in the skill graph, the student’s
skill level, the priority level assigned by the teacher to the different improvements, how many times the
improvement has appeared over the past ten recommendations, how many times the improvement has been
selected over the past five recommendations.

Situation of the improvement in the skill graph: This indicates how they articulate relative to one another,
depending on the number of skills that they require among the skills associated to the selected improvements.

Student’s average skill level: Students have to acquire the skills taught in a course to validate it. For every
skill of the course, they can further it by completing tasks tagged by the associate label. There are five skill
levels, related to a value between 0 and 4: not started (0), beginner (1), workable (2), mastering (3), expert (4).

Priority level assigned by the teacher to the different improvements: If they want, the teacher can assign
priority levels to the possible improvements, either generically or specifically to a task. This is an optional
indicator, since the teacher could prefer letting the algorithm decide on the basis of the other information, or
have no time for this. They can also assign a priority level to a handful of improvements.

Number of times the improvement has appeared over the past ten recommendations: In order to foster the
selection of the repeating improvements, the system takes into account the number of times an improvement
has appeared in the student’s works over the past ten analyses done on them. Only the past ten
recommendations are taken into account to avoid outliers.

Number of times the improvement has been selected over the past five recommendations: We assume that
the subject of recommendation has to change regularly to facilitate learning and avoid fatigue: a break can be
necessary, because learning is a process that can take time. When an improvement has been selected many
times over the recent recommendation, the likelihood of being selected for the current one decreases. We only
consider the five last recommendations in order to ensure a good turnover and avoid outliers.

4. IDENTIFICATION OF THE SITUATION AND PERSONALIZED
RECOMMENDATION

4.1 Identification of the student’s gesture

In interviewing teachers, we found out that a first factor that generally determines which kind of help a
teacher would provide to a student is their ease to achieve a task: are they actively involved in the task solving?
how much is the student hesitant or confident? Are they trying to solve the difficulties they meet by themselves?
Do they know how to face the problems and where to look for the needed information? The study of the
student’s gesture aims to assess how confident and proactive the student is during the task. In order to assess
the student relationship to the group, we can use an automatic detection tool that collect in XML format all
their action: clicks, written characters, open windows, etc. These tracks can then be processed and used to



provide our system with useful and meaningful information. This tool allowed us to compose five indicators,
related to the above questions: the rate of activity, the rate of research, the rate of research related to the selected
improvement, the rate of erasure, the frequency of the work verification.

Rate of activity: This indicator assesses how much the student is active on the computer, using the keyboard
or the mouse. It is calculated as time using them, divided by the total task time.

Rate of research: It shows whether the student tries actively to solve the problems he meets, by searching
on the Internet or the online course material. It is calculated by dividing the research time online by the total
activity time.

Rate of research related to the selected improvement: It indicates whether the main improvement detected
by the system has been identified by the student as a problem in their work. It is calculated by dividing the
research time about the improvement online, divided by the total research time.

Rate of erasure: This assesses the student’s certainty about what they write. It is calculated by dividing the
number of erased characters by the number of written characters.

Frequency of the work verification: This indicators shows whether the student regularly checks the validity
of their work. In the case of a programming task, it is calculated by dividing the number of times the student
has launched the compilation operation by the number of complete structures in their program. This is an
optional indicator, since not all software programs can offer such a functionality.

Therefore, data are described by a 4 or 5-dimensional vector and can be classified to indicate how much the
student encounter difficulty during the task and how much they try to solve them.

4.2 Identification of the student’s profile

A second factor that influences the teacher’s behavior is the general quality of the student’s learning
process, assessed by the means of seven indicators, which are: the rate of achieved tasks, the rate of successful
tasks, the rate of consulted course material, the average skill level, the average duration of task completion, the
number of improvements by complete task, and the rate of started but unfinished task.

Rate of achieved tasks: The first indicator used to classify the student’s profile is the number of achieved
tasks by the total number of available tasks (i.e. all the open tasks among the past and current courses taken by
the student). It shows whether the student is determined to get involved in the available tasks through the end.

Rate of successful tasks: It indicates how many tasks are successfully completed by the student among the
total number of available tasks. We chose to consider the total number of available tasks instead of the
completed tasks, in order to get a better idea of their overall comprehension and mastering of the course.

Rate of consulted course material: This indicator is meant to show whether a student seeks to understand
the theoretical aspects of a course, how much they try to consult the available course material to master the
content.

Average skill level: As mentioned above, there are five possible levels for each skill. This indicator refers
to the mean value of the achieved levels for every skill that should have been started at this point of course.

Average duration of task completion: For every completed task, the normalized duration is calculated by
dividing the amount of time spent by the student on the task by the average amount of time spent on the same
task by all the students. Thus, the average duration of task completion is the mean of all these normalized
lengths of time. This indicator shows whether a student generally complete quickly their tasks.

Number of improvements by completed task: This indicates how many improvements are detected for every
task a student achieves, in order to assess the average quality of the final works. This corresponds to the average
value.

Rate of started but unfinished tasks: This indicator expresses whether a student often gives up an ongoing
work. It is measured among the total number of available tasks the total number of started tasks.

4.3 ldentification of the situation

A recommendation is made to a student according to who they are in general, but also how they are faring
with the specific current task, and their historical relationship with the detected main improvement, in particular
the theoretical and practical course contents related to this improvement. Thus, in order to classify the situation
of the student, we take into account five indicators: the student’s gesture such as obtained under the step
described in IV.A, the student’s profile obtained under the step described in IV.B, how long they have already



spent doing the task, the number of times they have consulted the course material related to the improvement,
the number of tasks related to the improvement they have already completed, the number of times the
improvement has appeared over the past ten recommendations (see I11).

Time spent on the current task: This indicator is normalized in relation with the average duration of the
task. It indicates whether the current task takes a lot of time to the student. Indeed, in order to avoid fatigue
and discouragement, the teacher often adapt their recommendation depending the time that the student has
already spent doing the task. Generally, the longer is the task completion, the more steering is the provided
help. For example, in some cases, the teacher could advise the student to consult the course material whether
they think they can and have time to solve the problem themselves; on the contrary, a teacher could prefer
providing a student with an extract from their own solution when they think that they encounter too difficult
matters for the current task and spend too much time on it.

Number of accesses to the course material related to the improvement: This indicates whether the student
has already consulted the related course, and how many times they have, in order to determine whether they
are familiar with the theoretical aspects of the current matter they face.

Number of completed tasks related to the improvement: This indicates whether the student has already
complete tasks related to the detected improvement, and how many times they have, in order to determine
whether they have already faced and addressed this issue, and how much they are familiar with its practical
aspects.

4.4 Assignment of a recommendation depending on the student’s situation

Once the different situation classes are defined, the teacher will be able to assign them generic
recommendations, i.e. specifying what kinds of activity they would suggest to a student in that situation or
what kinds of resources they would provide to them. The teacher is free to set priorities to the recommendations
associated to each class. In a given situation, for a specific task, some recommendations will be applicable and
some other will not, for example whether there is no material course for the concerned skill. If possible, two
possible activities will be recommended to the student each time, in order to let them judge which activity is
most convenient for them and record their preferences. Therefore, during the recognition process, the system
will chose among the different available possibilities, among those defined by the teacher, depending on
different indicators, such as the assigned priorities if applicable. The system will also take into account what
the student, and the students in the same situation as them, did during the previous recommendations, whether
they have followed the recommendation or not, what was their assessment, depending on the type of activities
or resources that was proposed to them. The recommendation will be first chosen randomly, then willing to
leave the opportunity for chance in order to avoid convergence and foster the diversity of the suggested
activities, this information will be used to weight this random selection.

5. DISCUSSION AND CONCLUSION

The study introduces the conception of a recommender system that operates in a hybrid context, in which
the teacher has total control on the involved parameters and the system is an assistant to facilitate the monitoring
and provide the students with a work companion. This is meant to ensure a constant support for student within
the framework of elearning. The system is thought to be enriched over time through the overhauls and
refinements by the teacher, who will be able to rely on the student’s feedbacks. The multi-layered architecture
allows the segmentation of the computation in several meaningful thus easily describable and explainable steps.

The next step will be to carry out several experiments on an educational dataset in order to test our system
first within the framework of a C++ programming course, and define meaningful classes of student’s gesture,
quality of work, and situation. Then it will be extended to other courses as a robustness test. A mid-term
objective is therefore to compare the evolution of the classes throughout the different kind of courses.
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