
HAL Id: hal-04296931
https://hal.science/hal-04296931

Submitted on 21 Nov 2023

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépôt et à la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche français ou étrangers, des laboratoires
publics ou privés.

Distributed under a Creative Commons Attribution 4.0 International License

Fully Individualized Curriculum with Decaying
Knowledge, a New Hard Problem: Investigation and

Recommendations
Alexis Lebis, Jérémie Humeau, Anthony Fleury, Flavien Lucas, Mathieu

Vermeulen

To cite this version:
Alexis Lebis, Jérémie Humeau, Anthony Fleury, Flavien Lucas, Mathieu Vermeulen. Fully Individu-
alized Curriculum with Decaying Knowledge, a New Hard Problem: Investigation and Recommenda-
tions. International Journal of Artificial Intelligence in Education, 2023, �10.1007/s40593-023-00376-9�.
�hal-04296931�

https://hal.science/hal-04296931
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://hal.archives-ouvertes.fr


Int J Artif Intell Educ
https://doi.org/10.1007/s40593-023-00376-9

ART ICLE

Fully Individualized Curriculumwith Decaying Knowledge,
a New Hard Problem: Investigation and Recommendations

Alexis Lebis1 · Jérémie Humeau1 · Anthony Fleury1 · Flavien Lucas1 ·
Mathieu Vermeulen1

Accepted: 13 October 2023
© The Author(s) 2023

Abstract
The personalization of curriculum plays a pivotal role in supporting students in achiev-
ing their unique learning goals. In recent years, researchers have dedicated efforts to
address the challenge of personalizing curriculum through diverse techniques and
approaches. However, it is crucial to acknowledge the phenomenon of student for-
getting, as individuals exhibit variations in limitations, backgrounds, and goals, as
evidenced by studies in the field of learning sciences. This paper introduces the com-
plex issue of fully individualizing a curriculumwhile considering the impact of student
forgetting, presenting a comprehensive framework to tackle this problem. Moreover,
we conduct two experiments to explore this issue, aiming to assess the difficulty
of identifying relevant curricula within this context and uncover behavioral patterns
associated with the problem. The findings from these experiments provide valuable
prescriptive recommendations for educational stakeholders seeking to implement per-
sonalized approaches. Furthermore, we demonstrate the complexity of this problem,
highlighting the need for our framework as an initial decision-making tool to address
this challenging endeavor.
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Introduction and Context

Education in universities and engineering schools is undertaking quite important
changes, mostly to reflect the use of new technologies, breakthroughs in the Tech-
nology Enhanced Learning (TEL) field, and ever-changing society’s needs Kryukov
and Gorin (2017); Daniela et al. (2018). Therefore, it is important to understand these
changes to provide reliable assistance to education stakeholders (i.e. students, teachers,
and institutions). A significant observable change in these institutions is the grad-
ual substitution of predefined curricula with more modular alternatives University of
Reading (2019).

In this paradigm, emphasis is given to personalizing the learning experience to bet-
ter match students’ career expectations and goals. Students can then choose courses
at each academic term (e.g. semesters) to build their sequence of courses (namely a
curriculum) according to their objective (e.g. career goal). Yet, an inadequately struc-
tured curriculum presents several challenges to students. The absence of a coherent
and adapted progression may hinder their assimilation of skills, competencies, behav-
iors, attitudes, abilities, or knowledge and impede their effective application Tetzlaff
et al. (2021); Aleven et al. (2016). Difficulties stemming from insufficient prerequi-
sites or unpreparedness for advanced coursework may also precipitate disengagement
Walkington and Bernacki (2014). Erroneous sequencing can also extend degree com-
pletion timelines, thus affecting institutional graduation rates. Considering that the
average time-to-degree for a Bachelor’s degree in Europe is approximately 3.5 years
Vossensteyn et al. (2015) in a traditional learning environment, these aforementioned
challenges could substantially prolong students’ time-to-degree. Furthermore, these
badly structured curricula could be hard to identify by teachers and institutions Caputi
and Garrido (2015) and may yield inefficiencies in resource allocation, with certain
courses witnessing disproportionate demand while others are underutilized.

Currently, to circumvent these risks, in the vast majority of cases, institutions
implementing this kind of approach decide which time periods and courses can be
personalized by students. Individualizing curricula consists of relaxing these con-
straints for students: they have to fully define their entire curriculum which will,
potentially, better match their objective. We call such curricula fully individualized
curricula.

Student forgetting, a phenomenon observed in the field of learning science, refers
to the gradual loss or decay of previously acquired knowledge or skills over time. It
is influenced by various factors such as the passage of time, lack of reinforcement
or practice, and interference from new information Arthur et al. (1998); Ebbinghaus
(2013). The decay of knowledge significantly impacts the outcome of a student’s
curriculum, as it can lead to the loss of essential prerequisites for future courses within
the curriculum determining the success or failure of a student’s educational journey.
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Recognizing and predicting the potential impact of this decay is needed to optimize
the learning experience and ensure students have a strong foundation for continuous
academic growth. Yet, to the best of our knowledge, works personalizing curricula do
not take into account the decay aspect and its effect on the generation of solutions.

However, educational stakeholders involved in the individualization of curricula
may already be confronting challenges stemming from knowledge decay. Students, as
an example, are put in a rather challenging situation Daniela et al. (2018) as they must
plan courses for the coming years without actual prior knowledge about the courses
they have to choose, ensure that the sequencing is well made in terms of prerequisites,
and have to assess the relevance of each course concerning their objectives. Further-
more, students should engage in self-examination to recognize the potential decay
of their knowledge over time, an inherently difficult task. For teachers, this context
makes some practices harder, such as multi-modal teaching, re-take exams, or one-
to-one attention, because it tends to favor a considerable heterogeneity of students’
backgrounds.

In such a context, institutions should guarantee the quality and equity of the edu-
cational journey of each student, as some curricula could end up being more difficult
than others. Consequently, institutions have to assess whether a curriculum is either
well-formed or not depending on several factors, such as the fulfillment of course
prerequisites, timetable scheduling Loo et al. (1986), or teachers’ availability. Insti-
tutions also need to support the individualization of a curriculum according to the
student’s profile Klinkenberg et al. (2011); Desmarais and Baker (2012); Papousek
et al. (2014). It is also necessary for institutions to ensure that the curriculum aligns
with the student’s objective and is attainable. This implies that courses have to be
properly cataloged by institutions, including the knowledge they taught and their pre-
requisites. However, all these tasks are typically carried out manually by institutional
staff members, as no study explicitly emphasizes the challenges posed by the decay
of knowledge concerning the individualization of curricula.

In this paper, we address the Fully Individualized Curriculum with a Decaying
Knowledge Problem (FIC/DK-P). The objectives of this paper are threefold: 1) pro-
pose a theoretical and reproducible framework for the problem; 2) study the effect of
decaying knowledge in the individualization of a curriculum and its complexity; 3)
formulate several actionable recommendations and warnings for education stakehold-
ers who are considering or currently implementing curriculum individualization. The
remainder of this paper is structured as follows. In Section 2, we provide an overview
of related works on curricula personalization, including the major challenges and
techniques employed, and the theory of student forgetting. The Section 3 formalizes
the problem by introducing the FIC/DK-P framework. This section is followed by
Section 4, which covers the experiments conducted to study the problem, as well as
the data generated for these experiments. Based on the analysis of the experimental
results, we put forth nine recommendations for education stakeholders in Section 5.
We then conclude the paper in Section 6. Finally, in Appendix A, the interested readers
can explore the mathematical foundation of the FIC/DK-P framework.
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Literature Study

FIC/DK-P consists of recommending to a student a sequence of courses until gradu-
ation that matches his/her objective, whether it be personal and/or professional while
considering that knowledge can decay over time. Although this issue has not been
addressed directly in the literature to our knowledge, it is noteworthy to mention
related works in learning path personalization. Learning path personalization refers to
approaches that generate learning paths by taking into account the individuality of a
student and his/her learning preferences Deng et al. (2017). This personalization oper-
ates at various levels, mostly to the learning object level Belacel et al. (2014), at the
topic level, the lesson level Nabizadeh et al. (2020) and at the course level Nabizadeh
et al. (2017); Parameswaran et al. (2011). Duval and Hodgins (2003) introduced a
modular content hierarchy based on these levels used to promote the sequencing of
contents. Yet, from an institution’s point of view, there is no consensus over this hier-
archy and its explicit or implicit implementation changes across institutions, hence
the need for a flexible and adaptable learning path recommendation system.

In the literature, twomainmethods of personalizing a learning path can be observed.
Either 1) computing and recommending an entire learning path for a student (or a group
of students), such as in Kardan et al. (2014); Feng et al. (2011); Belacel et al. (2014) or
2) recommending a path for a student learning content by learning content, as shown in
Govindarajan et al. (2016); Salahli et al. (2013) for example. The second approachmay
offer significant computational speed advantages but is inherently limited in capturing
certain unique aspects and broader contextual nuances that emerge when taking into
account the entirety of a student’s learning journey, including factors like knowledge
decay.

The algorithms used in these methods are numerous. Among them, we can cite
machine learning techniques, such as clustering or tree classifier Kardan et al. (2014);
Lin et al. (2013). Recently, notable studies have incorporated semi-supervised learn-
ing and unsupervised learning approaches to analyze student data, aiming to predict
students’ performance and provide recommendations for personalized curricula Back-
enköhler et al. (2018);Wong (2018). However, thesemachine learning techniques tend
to merge student profiles, resulting in a loss of precision concerning the individuality
of each student, which is essential in addressing our specific problem. Additionally,
they tend to require a large amount of data to be efficient.

Among the other algorithms used are greedy algorithms Durand et al. (2013), graph
theory Li et al. (2016); Belacel et al. (2014), Markov decision process Durand et al.
(2011) or bayesian networkZhang andKoren (2007).While these algorithms generally
yield high-quality results in terms of recommendation, they tend to be highly depen-
dent on the problem and data, often requiring extensive fine-tuning and optimization
techniques. As a result, they may not be well-suited for exploring novel problems. In
the e-learning literature, we observe that genetic algorithm is a widely used technique
Seki et al. (2005); da Silva Lopes et al. (2009); De-Marcos et al. (2009); Al-Muhaideb
andMenai (2011); Benmesbah et al. (2021); de-Marcos et al. (2008) that can also pro-
duce high-quality, locally optimal, solutions. As a meta-heuristic approach, genetic
algorithms demonstrate problem-agnostic characteristics, making them a promising
candidate for initial exploration and analysis of our specific problem.
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All these above works are implicitly based on the hypothesis of an ideal memory
model of students Georghiades (2000). Nevertheless, compelling evidence suggests
that students experience forgetting, and their knowledge retention curve exhibits a
distinct pattern that is unique to each individualBahrick (2000). This forgetting process
is supposed to be driven by a core set of major factors Arthur et al. (1998); Bacon and
Stewart (2006) such as 1) length of the non-use interval, 2) degree of overlearning,
3) task characteristics, 4) cognitive interference, 5) retrieval conditions, 6) training
and instructional strategies and methods and 7) spontaneous loss of knowledge. In the
forgetting curve theory, which thus considers that students’ knowledge proficiency
follows a declining curve, we can observe several works modeling this decay over
time.

Nonetheless, themodeling of forgetting remains one of the longstanding unresolved
issues in the field of experimental psychology and is not the subject of consensusKlam-
mer and Gueldenberg (2019). In Averell and Heathcote (2011), the authors propose a
general memory model based on a study of a large dataset and Bayesian model selec-
tion to account for the student’s capacity to forget, where a power function seemed
to be favored Anderson and Schunn (2013). Another popular model of forgetting is
the exponential forgetting curve of Ebbinghaus Ebbinghaus (2013), yet this model
was initially conducted by Ebbinghaus himself in an incomplete study. Nonetheless,
Murre and Dros (2015) attempted to replicate Ebbinghaus’ experimentation and find-
ings; eventually they showed that the experimental results were similar to Ebbinghaus’
curve, therefore supporting the relevance of his model.

Hence, a question remains concerning how the decay of knowledge can impact
actual learning algorithms, especially recommending systems. The literature gives
evidence that taking this decay phenomenon into account can lead to better solutions
but tends tomake the problem harder. In Lindsey et al. (2014), the authors incorporated
memory models into factor analysis (Item Response Theory van der Linden and Ham-
bleton (2013) is a canonical model of factor analysis). The authors’ model performed
better compared to models that did not implement memory models. However, optimal
solutions for personalized scheduling were found to be intractable. This evidence is
also supported by Choffin et al. (2019); Huang et al. (2020).

Considering the challenges associated with manually personalizing a curriculum,
which demands extensive technical and pedagogical expertise Vanitha and Krishnan
(2019), it would be unwise to expect education stakeholders to undertake such a task
without the aid of suitable decision-making tools or recommendations, especially
while considering that decay phenomenon has a significant impact on the problem
hardness.

ProblemDefinition

In this section,wemodel FIC/DK-P.This problembeing related to other hard problems,
such as scheduling problems, we had to make the four following hypotheses to study
it and to give initial points of comparison:
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1. Logistical aspects (e.g. rooms availability, teachers availability) have no impact
on the quality of a curriculum;

2. The course catalog used is considered complete and sound, that all the information
is at our disposal and there is no implicit information;

3. Courses could not overlap two or more academic terms: they are always confined
into a single academic term (and last this entire academic term);

4. The learning process is perfect, meaning that at the end of the course, a student
has acquired everything that a course should provide so that we do not introduce
probabilistic learning models in the study of FIC/DK-P.

FIC/DK-P is the problem, for a student, of selecting for a specific time range a
sequence of courses to acquire the necessary skills, competencies, behaviors, attitudes,
abilities, or knowledge such that he/she becomes qualified for his/her objective (most
often the objective being a professional one), while these elements being subject to a
decay effect. This decay effect makes it more complex to plan a coherent sequence of
courses as the student may no longer be qualified to attend specific courses when aca-
demic terms are distant. We illustrate FIC/DK-P in Fig. 1. In the following subsection,
we model the components of FIC/DK-P.

Fig. 1 Illustration of the fully individualized curriculum with decaying knowledge problem. A student has
to choose from the course catalog of an institution a sequence of courses – namely a curriculum – to reach
a (professional) objective while being sure to be qualified to attend each planned course. A rectangular box
represents a course, and its ordinate position in a line ki represents the level of prerequisite expected of this
knowledge. A color corresponds to a unique course. The curve in each line illustrates the evolution of the
knowledge. The hourglasses represent the decay of knowledge through time. Here, the second course in the
k2 line and the first in the k3 constitute a risk for the student as the prerequisites are not met
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Modeling Knowledge andMastery

The essence of the complexity of FIC/DK-P lies in the order in which skills, com-
petencies, behaviors, attitudes, abilities, or knowledge are learned during courses, to
what extent, and how they evolve throughout a curriculum. As multiple definitions
of these properties exist, we define a surjective mapping of the mastery whether it
be of skill, competency, behavior, attitude, ability, or knowledge into a set, that we
call Knowledge for convenience.1 A member of this set encodes the mastery infor-
mation continuously between [0; 1] for a specific knowledge, where 0 signifies that
the corresponding knowledge has not been encountered by a student and 1 indicates
complete mastery of the knowledge. Such a set allows for a generic representation
of mastery and can be used in vast educational situations and paradigms, such as in
more classic learning Bloom et al. (1956); Mandin and Guin (2014), constructivism
learning Bada and Olusegun (2015) or with works considering knowledge mastery as
a binary property Huang et al. (2020). This set only requires from institutions to agree
on a knowledge decomposition according to their epistemological, didactic and/or
practical standpoints and agree on the mapping of their knowledge graduation into
our interval, which can be quite straightforward (e.g. dividing the [0; 1] interval by
the number of possible grades assignable to a student for each knowledge).

Modeling Courses

Courses are the basic building blocks of curriculum, as they can be considered the
main vector of knowledge Hill et al. (2005) for students. Consequently, to keep our
modeling generic, we consider a course as a macro entity that provides knowledge
that can potentially be aligned with any learning material level and hierarchy Duval
and Hodgins (2003). Each course is considered to mobilize at least one knowledge to
the student; we did not define an upper bound about the number of knowledge that can
exist in a course as we did not find a formal threshold in the literature. The amount of
knowledge taught by a course is expressed as a mastery value.

Additionally, courses can also have prerequisites. The importance of prerequisites
in a curriculum is highlighted in works such as Molontay et al. (2020). Prerequisites
ensure that a student has the minimum background to fully acquire the knowledge
provided by the course. Attending a course without meeting all the prerequisites can
pose risks in a student’s educational pathway, such as failure, cognitive overload,
and increased stress. This is an important decision factor regarding the quality of a
curriculum. We express these prerequisites as a knowledge mastery value threshold,
meaning that a student should have more, or at least equal, knowledge mastery to
guarantee success in the concerned courses.

Another property of courses is their temporal availability. Typically, courses within
educational institutions adhere to specific scheduling constraints, operating during des-
ignated academic terms for various reasons. To capture this characteristic generically,

1 Therefore, in the rest of the paper, we will use the term “knowledge” as an encompassing term of all the
aforementioned ones, for the sake of readability.
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each course is associated with a set of temporal availability terms, designated as aca-
demic terms.

Furthermore, we take into account the attendance and the involvement of students
with the courses they take. We define a notion of credit, that works both with the
American credit system and the European Credit Transfer and Accumulation (ECTS)
standard Herrero and Algarrada (2010). Consequently, each course is assigned a credit
valuewhich is earned by the student at the end of the course.One can consider a specific
threshold of credit value for a student to graduate (e.g. 180 ECTS, which represents a
bachelor’s degree).

Modeling Curriculum and Student’s Objective

A fully individualized curriculum is a sequence of courses that spans over one or
more academic terms. Each of these academic terms is designed to accommodate a
dedicated number of courses, and this number can be different for each academic term.
This implies that a student is limited in the number of courses he/she can take both
in an academic term and his/her entire curriculum. This limit is theoretically different
from one institution to another, which makes the computational nature of the FIC/DK-
P more complex. In addition, please remember that, via our third hypothesis, a course
cannot overlap two academic terms.

Furthermore, a curriculum should be designed to qualify a student for his/her objec-
tive – most often a professional one. Consequently, we had to model the objective of a
student. Again, for generic purposes, we based the modeling of student objectives on
our knowledge representation. An objective is therefore expressed as a set of knowl-
edge mastery values, indicating which knowledge is expected and to what extent. One
can see these objective mastery values as the final requisites of the entire curriculum.
In real-life scenarios, the identification of these final requisites will most likely be con-
ducted by the institutions themselves, especially by collaboratingwith the professional
world.

Ideally, the sequence of courses should be defined so that no prerequisites aremissed
at any time.We consider such a sequence as a good fully individualized curriculum.We
also consider that a curriculum only serves the purpose of only one student objective
at a time – yet the objective can hold any amount of knowledge.

Modeling Student Profile and Decay

What sets FIC/DK-P apart in the literature dedicated to learning path personalization
is its consideration of the decay of knowledge over time when formulating individ-
ualized curricula for students. This consideration aligns with findings in educational
psychology, underscoring the significance of this factor in students’ educational expe-
riences and their reception of course materials. Several works Arthur et al. (1998);
Ebbinghaus (2013); Heller et al. (2006) shown that the mastery of knowledge is not
stationary in time: it can decrease when the knowledge is not used over a certain
period, and vice-versa, according to the pedagogical context. Predicting such varia-
tions is an important challenge as it can greatly improve the learning experience of
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the students, as shown by the works related to the spaced repetition system (SRS) Set-
tles and Meeder (2016) – even if monitoring the mobilization of knowledge outside a
pedagogical context is difficult. Yet, it also adds complexity to the curriculum design
process. As the knowledge acquired by a student during a specific academic term can
diminish over time, it may reach a point where some of the prerequisites for future
courses in subsequent academic terms are no longer fulfilled. Therefore, it becomes
essential to predict and mitigate this decay effect to determine the optimal sequence
of courses that ensures all prerequisites and the requisites of the objective are satisfied
for the student, thus diminishing the risk of failure of the student.

We model the decay of knowledge, given a student, as a function of the elapsed
time since the last time this knowledge has been learned. The codomain of the function
is [0; 1], representing the amount (i.e. mastery value) of the knowledge lost during
this period. This function impacts how the mastery evolve throughout the curriculum.
The explicit function’s mapping should be defined according to one’s psychological
standing of the decay, for example by using Ebbinghaus’ forgetting curve Ebbinghaus
(2013) .

In accordance with prior research works such as Howe (1980), learning is com-
monly regarded as a cumulative process. In our model, the evolution of mastery is
characterized by the accumulation2 of previous mastery levels and the acquisition of
additional knowledgemastery from relevant courses. Alternatively,masterymay expe-
rience decay if the acquired knowledge is not utilized during the academic term. Thus,
to predict the mastery of a knowledge for a student in an academic year, the amount
of decay is subtracted from the accumulated mastery value of this knowledge. Each
knowledge within the framework may possess a unique decay function tailored to its
characteristics. Additionally, a decay function can change based on various properties
such as time or specific knowledge thresholds in order to capture the notion that certain
knowledge becomes more resistant to forgetting over time (e.g. riding a bicycle once
learned). We give two examples in the Fig. 2 regarding the evolution of the mastery
of a knowledge according to a decay function. In our model, it is possible to observe
a mastery overflow if, after attending a course, the mastery should be greater than 1
(see Fig. 2b). In that case, the value of one’s knowledge is expressed asmin(1,mk,t ).3

Finally, we introduced the concept of student’s profile. At each academic term,
knowledge mastery values of a student are stored. In addition, the profile of a student
is also composed of a set of decay functions concerning each knowledge. Indeed,
knowledge could face differences regarding how they are forgotten by a student: this
phenomenon is strongly dependent on the studentBrewer andUnsworth (2012);Mozer
and Lindsey (2016). These decay functions may also change over time. This allows us
to fine-tune the prediction of forgetting if needed, and the individualization: given two
students having a different profile but the same objective, the best fully individualized
curriculum will potentially be different.

2 It is absolutely possible to modify this accumulation behavior by defining a mastery evolution function
to express how a mastery should evolve.
3 Notations are detailed in Appendix A.
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Fig. 2 Example of the evolution of the mastery of a knowledge k through time t in two different scenarios,
illustrating how the decay δk affects the mastery, as well as the mastery brought by a course αc,k . Notations
are detailed in Appendix A

Experimentation

In this section,weoutline two experiments thatwere conducted to address our problem:
one utilizing an exact method and the other employing a meta-heuristic approach. A
meta-heuristic is an agnostic problem-solving strategy designed to find approximate
solutions across a wide range of optimization problems – for a comprehensive view
on the subject please refer to Sörensen (2015). The objectives of these experiments
were to gain a deeper understanding of the problem, explore its complexity, assess the
impact of decay on problem difficulty, establish initial benchmarks for the research
community, and derive preliminary recommendations based on our findings. Before
presenting the experiments, we provide a comprehensive overview of the experimental
context.

Experimental Context

Academic Background

Below, we present the setup we used for instantiating FIC/DK-P from the presented
model. The problem assumption is inspired by the academic background of a French
engineering school. SinceFIC/DK-Pmodeling is generic, it allows for flexible assump-
tions to accommodate various backgrounds and requirements.

Assumption 1 An academic year is divided into two academic terms, also known as
semesters. Therefore, a five-year curriculum consists of ten academic terms.
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Assumption 2 An academic term should always bring to the student 30 credits once
completed. These 30 credits represent the ECTS credits earned by students.

Assumption 3 It is not possible for a student to take the same course more than once
during his/her entire curriculum.

Assumption 4 Weconsider the following epistemologicalmodel for the decay function
δ, inspired by the works done in the neuroscience field Averell and Heathcote (2011);
Ebbinghaus (2013):

δ(t) = e
t
s + 5

100
(1)

with t representing the difference between the last time a student saw this knowledge
and the current academic term. This function illustrates that, the less a student uses
one of his/her knowledge, the greater he/she forgets it. The function was designed
mainly for an academic curriculum of 3 and 5 years with two academic terms by
year; for any other duration, one should modify the coefficient of memory stability s
introduced by Ebbinghaus (here, s = 2).
It implies that the decay function associated with each knowledge in a student’s profile
is the same: each knowledge will develop in the same way.4

Assumption 5 There is no decay regarding the mastery of a knowledge within an
academic term (here, a semester). This can be expressed as δ(0) = 0.

Assumption 6 The student forwhomwe solveFIC/DK-Phas no prior knowledge at the
beginning of his/her curriculum. That means every knowledge mastery that composes
his/her profile is set to 0. Note that, in real-life applications, it is more than likely that
some of his/her knowledge mastery will be different from zero.

Data Generation Background

To the best of our knowledge, no sufficiently comprehensive public catalog of courses
exists in our community, at least publicly. This is arguably because the elaboration
of such catalogs is an important task for both teachers and institutional stakeholders:
each course must be properly described, as well as all its properties. In the absence
of strong incentives, their creation seems not to have been a priority. For example, in
France, the Commission des Titres d’Ingénieurs (CTI) recently acts for the creation of
a detailed syllabus for each course of engineering schools, describing the knowledge
taught to the students and the adoption of an approach by competencies Commission
des Titres d’Ingénieurs (2023): these institutions have started the elaboration of some
kind of course catalog alongside a knowledge catalog.

It is in this context that we produced our datasets for the following two experiments.
Having at our disposal the syllabuses of courses taught during the two years of a
master’s degree at IMT Nord Europe, a French engineering school, we identified the
number of courses available, their temporal availability, the number of knowledge

4 However, we recall that the model is designed to assign a different decay function for each knowledge if
needed.
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taught in each course, the prerequisites for each one of them, the overall distributions
of knowledge and how many courses at average a student should attend. Nonetheless,
some information was missing from these syllabuses and we had to presuppose them.
This was the case for the knowledge mastery that each course brings to a student.
To approximate this value, we use our prior knowledge of the courses we knew and
contact some of the referees of the other courses.

Thus, we have extrapolated the gathered data to define a data generation model that
is representative of a five-year curriculum to produce simulated datasets. The size of
the course catalog C was set in between [300; 500] courses, and the size of the catalog
of knowledgeK was set in between [200; 600]. The maximal amount of prerequisites
a course can have P was set in between [4; 5] and the maximal amount of knowledge
taught by a course T was set up to 5. The selection of knowledge taught and used as
prerequisites followed a uniform distribution and the mastery M was set in between
[0.25; 0.75]. Finally, we set the number of courses S a student has to choose at each
academic term in between [10; 20].

A dataset can therefore be expressed as the combination of 〈C,K, T ,P,S,M〉,
plus the random seed used during computation. We produce, for the same configura-
tion, 30 different datasets by changing the problem seed. To reduce the combinatoric,
we select C in increments of 10, K in increments of 50 and S in increments of 1.
By doing so, we have produced 124740 different instances of the problem (which is
roughly equal to 15 GB of experimental data).

Even if our studies are based on simulated data, we have made them as close as
possible to real-life scenarios. Nonetheless, we had no prior knowledge that, given a
student profile and an objective, a solution whether exists or not – since this relates to
directly solving FIC/DK-P. Please note that there are also some biases using simulated
data (e.g. the effect of the distribution used), yet this was an essential first step in order
to study FIC/DK-P. We are currently working to elaborate on a real problem instance
that could be shared with the community.

We also had to randomly generate the student objective. Essentially, it is defined
according to the available dataset: the prerequisites and objective requisites are taken
from K, the set of all knowledge that can be taught in the institution. The amount
of prerequisites and requisites was set in between [2; 4] and the expected mastery of
each of these was picked in between [0.5; 0.95]. We attempted to convey that students
should be fairly proficient in the knowledge essential for their future employment.

Exact SolvingMethod

In this section, we present our experiment implementing an exact method to find the
best curriculum, according to an initial student profile and a student objective. One
goal of this experimentationwas to study howhard the problemof fully individualizing
a curriculum is and to identify the moment that educational stakeholders should be
assisted in the customization task of curricula. The experimental results tend to show
that FIC/DK-P exhibits an important combinatorial explosion, making this problem
probably not suited for 1) exact methods – even considering a small set of courses,
and for 2) educational stakeholders to manually solve this problem.
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An exact method for solving FIC/DK-P consists in finding at least one complete
assignment (i.e. a sequence of courses chosen from the catalog of courses) that satisfies
all the constraints entailed by our problem. As a reminder, these constraints are: 1)
all the courses in the sequence must be different; 2) each course prerequisite must
be validated, as well as objective requisites ; 3) a course can only be taken when it is
available; 4) the number of courses in an academic termmust be equal to the theoretical
value used; 5) each academic term must bring at least 30 ECTS.

We do not speak of the quality of a solution nor the optimality of a solution,
as they should be left to the discretion of the pedagogical stakeholders. Is a solution
maximizing themastery values of knowledge required by an objective to be considered
better than one which maximally diversifies the knowledge seen by a student? We do
not know.

Experimental Setup

Software
We implemented in prolog language two constraints-based search algorithms (i.e.
solvers) to solveFIC/DK-P.Algorithmic details aswell as implementation are available
in Appendix B. The first solver – Solver 1 – evaluates the validity of a solution after its
full assignment.We suppose that the behavior of Solver 1 is somewhat representative of
an educational stakeholder’s behavior trying to solve FIC/DK-P: the evaluation of the
solution will be carried out at the end of a full assignment for the sake of convenience.

Yet, we face an important combinatorial explosion that forced us to drastically
reduce the dimensions of the datasets used. At the end of the experiment, we used
C ∈ [24; 100], K ∈ {10; 20; 30} and S ∈ {2; 3}, with the objective of the student
expressed as 2 requisites and the number of academic terms T being equal to 6 or
10: above these parameters the problem becomes intractable, exceeding the time limit
of 12 hours we fixed (considering that the problem is supposed to be solved for
several hundred or thousand students in a real context). Thus, we designed a second
solver – Solver 2 – implementing a search heuristic based on the decay prediction
(see Appendix B, Algorithm 2). This heuristic does not prune by itself any path of
the exploration tree (it does not prevent forward chaining and backward chaining)5;
it prioritizes courses that maintain the student’s mastery of the learning objective at a
level above or equal to the expected value when subjected to the decay effect.

To summarize, Solver 1 is a full exact method that evaluates implicitly all the
possible solutions. Solver 2 is built on Solver 1 and uses the heuristic as a predictive
model to prioritize some courses over others during the search.

In our different instances configuration, the search always starts at the beginning
of the first academic term of the first academic year, and the student profile has all its
mastery scores set to zero.

5 However, it gives additional information to the Prolog engine to automatically eliminate unfeasible
solutions. That is why Solver 2 took less logical inferences (LI) than Solver 1.
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Fig. 3 Logical inferences (LI) (y-axis) comparison required by the solvers while increasing the number of
courses available at each semester from N = 4 (C = 24) to N = 15 (C = 150) (x-axis). Experiments were
repeated on several simulated instances of FIC/DK-P

Hardware
This experiment was conducted on a 2.0 GHz Intel i5-8250 laptop with 8 GB of RAM.
In the following, we considered logical inference (LI) made by the solvers, rather than
time spent, because of more scalable and representative information regarding the
computation force required to solve the problem.6

Results

The Fig. 3 presents the experimental results obtained from our exact solving attempts.
The y-axis is logarithmic and represents the logical inferences (LI) made by the solver
for solving the problem. The x-axis represents the number of courses available for
each academic term.

First of all, let us note that regarding the LI made, we obtain better results in terms
of computation time for all the observed cases with Solver 2 which uses the decay
as a selection heuristic than Solver 1. This observation leads that pedagogical models
could be useful to design efficient selection heuristics and reduce the computational
time of a problem.

In Fig. 3 a), b) and c), we are solving the problem for a bachelor curriculum (T = 6),
where two courses are attended by the student at each semester (S = 2).Aswe increase
the pool of courses available at each semester N , we quickly observe a combinatorial
explosion: around N = 15, FIC/DK-P becomes generally not tractable in a reasonable
time. We also vary the pool of available knowledge: K = 10 for a), K = 20 for b)
and K = 30 for c). Interestingly, the configuration used for b) appears to make the

6 Note that 1 s ≈ 9 × 105 LI
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problem more difficult than the configuration used for c). Additionally, in a), we can
observe a strong advantage towards Solver 2: it finds an answer to the problem for
N = 12 whereas Solver 1 cannot solve these instances under 12 hours.

In d), we compare similarly configured instances (S = 2, K = 10) over two dif-
ferent durations: a full bachelor degree (T = 6) and a full bachelor and master degree
(T = 10). It can be observed that the number of academic terms has a nonnegligible
effect regarding the overall tractability of the problem: for T = 10 the two solvers
could not solve the problem above N = 10 (see the doted plots). Thus it appears that
when the number of academic terms increases, so does the difficulty of the problem.

In e), we study the effect of the number of courses S to be taken each semester.
The results are unequivocal: the more S increases, the more the problem is difficult.
For S = 3, the problem becomes not tractable in a reasonable time for N = 8. For
S = 4 (not plotted), the solver could not solve the problem when N = 7. It appears
that S has also an important effect on the combinatorics of FIC/DK-P as one would
anticipate, maybe more important than T .

Overall, despite the small scale of our experiment, the results show that FIC/DK-
P is a very difficult problem to solve, highly demanding computation-wise. Some
parameters, such as S and T , seem to have a strong effect on the complexity of the
problem.Additionally, our results are further evidence of the difficulty that educational
stakeholders will face in addressing this problem in real-life scenarios. Furthermore,
we are inclined to discourage the utilization of exact methods alone to solve FIC/DK-
P, unless accompanied by robust heuristics capable of efficiently exploring the state
space. Nonetheless, these first results have been useful to establish some prescriptive
recommendations for the educational stakeholders, which are discussed in Section 5.

Meta-Heuristic Solving

Aswe have not been able to scale up to real case scenarios while using an exact solving
method, we decided to further study the problem using a meta-heuristic approach. The
objective of this experiment was not to find an exact solution, namely a sequence of
courses for which all the constraints are satisfied, but good enough solutions where the
constraints are violated as little as possible. Considering the extensive use of genetic
algorithm (GA) in the e-learning literature to solve problems and its efficiency, such
as arranging and delivering e-learning materials Al-Muhaideb and Menai (2011);
Benmesbah et al. (2021), we developed a GA to solve FIC/DK-P. By doing so, we
provide the very first benchmarks and insights to the community for the full-scale
problem, being as typical as real-life scenarios. We hope that these contributions
will give researchers in our community a solid foundation for developing new, more
efficient algorithms. Before presenting our experimental results, we present the GA
parametrization for the sake of reproducibility and discussion.

GA Parametrization and Reproducibility

GA is known to be multi-parametric: a parameter’s value can have a substantial effect
on the quality of a solutionEiben et al. (2003).Yet, identifying the best configurations is
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Fig. 4 Genotype of an individual representing a curriculum for FIC/DK-P

computationally intensive (e.g. identifying good crossover, mutation, and tournament
combinations), and most of the time the values are chosen empirically Eiben et al.
(2003). Below we discuss the parametrization of our GA.

Problem Representation
In our implementation, we opted for a widely used representation in e-Learning, espe-
cially in learning object recommendation, which is the integer chromosome encoding
with fixed length da Silva Lopes et al. (2009); De-Marcos et al. (2009); Al-Muhaideb
and Menai (2011); Benmesbah et al. (2021). A single individual represents a curricu-
lum. Each individual’s gene represents a specific course. The size of the genome of an
individual equals the quantity of the overall number of courses a student will attend
during its entire curriculum (which is the number of academic terms T multiplied by
the number of courses that must be attended at each academic term S). The order
of the genes within an individual is discretized by an academic term that represents
the succession of the courses. Each course encodes its prerequisites, the knowledge it
teaches as well as the credit value it is worth. Figure 4 illustrates an individual in our
implementation.

In our GA, the initial population is pseudo-randomly generated. Instead of ran-
domly picking a course in the entire catalog for each gene of each individual we
create, we verify that 1) a course can effectively be taken in the academic term it is
planned and 2) all the courses are different. This integrity check is computationally
straightforward and dramatically improves the overall quality of the initial population,
making a more efficient convergence. The population size of each generation was set
to 100 as it appears to be a good compromise between exploration and computation
efficiency; increasing the size could potentially improve the likelihood of finding bet-
ter solutions for learning paths but at the expense of a higher computational cost7 Chen
(2009).

During the computation of the next generation of individuals, some individual
inconsistencies may happen due to the stochastic nature of GA. In such a case, either
we re-generate the ill-formed individual with a probability of p = 0.75 or we replace

7 Please remember that, in our context, curriculum needs to be computed reasonably fast as it should be
computed for each student of an institution.
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the faulty course(s) with a valid one with a probability of p
′ = 1 − p. GA does

not guarantee to reach an optimal solution during the generational process. To stop
it, we used a common disjunction of case Eiben et al. (2003); Samia and Mostafa
(2007); De-Marcos et al. (2009): either reaching a fitness threshold of 0, which means
that all the constraints are successfully passed, or reaching the maximum number of
generations. We empirically select 10000 generations as a maximum, as we notice
strong convergence from the individuals around 8 × 103 generations.

Fitness
The fitness function f expresses the quality of an individual. It is based on four
νi ∈ [0; 1]metrics. ν1 expresses the difference of credits between the amount expected
and the amount obtained at each academic term. ν2 expresses the amount of mastery
lacking to entirely match the requisites of the student objective. ν3 expresses the
quantity of misallocated courses. ν4 expresses the amount of mastery lacking to match
each of the prerequisites of courses at each academic term. When all the metrics are
maxed, f (x) = 0, meaning that the individual fully passes all the constraints. When
f (x) = 4, each constraint is violated. f is defined as:

f =
4∑

i=1

νi (2)

Crossover, Mutation and Tournament selection
GA is driven by three important operators: tournament, crossover, and mutation. A
tournament is the selection of the individuals that will contribute to the new individuals
of the next generation. Crossover is the creation of new offspring from the combination
of two selected individuals. Themutation is themodification of an individual genotype
to introduce some noise in the population. All of these operators are known to have a
significant impact on the quality of the solutions found. Consequently, we led several
upstream experiments to empirically select the most effective rates.

We used a generational replacement strategyHovakimyan et al. (2004) coupledwith
parsimonious elitismbyalways selecting the best individual to prevent the eventual loss
of the best solution. This strategy is driven by a deterministic tournament selection,
mostly because it is efficient to code and allows the selection pressure to be easily
adjusted Miller et al. (1995). We empirically chose a tournament size of τ = 2.

We implement a one-point crossover operation that produces two new individuals:
this is a common operation in our domain Hovakimyan et al. (2004); da Silva Lopes
et al. (2009). We empirically chose a crossover rate of X = 0.75. As for mutation,
we implement a simple binary mutation operation that changes, for the concerned
individual, one of its courses to another one from the course catalog. This binary
mutation is coupled with an integrity check regarding the course to pick: we randomly
select a course having all its prerequisites met thanks to the previous gene if any such a
course exists, otherwise we randomly pick one from the entire catalog.We empirically
chose a mutation rate of M = 0.75.
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Experimental Setup

Software
The algorithm have been implemented in C++.We used the Paradiseo library, a frame-
work to design parallel and distributed metaheuristics Cahon et al. (2004), to handle
all the aspects of the GA.

Hardware
We used a computer cluster consisting of 1388 heterogeneous threads, where each
thread ran our GA over a specific instance of the problem. Depending on the configu-
ration of the problem, and the hardware, running the algorithm took approximately 40
minutes to 3 hours to terminate. This led roughly to a lower bound of 9 years of com-
putation if our entire experimentation was conducted on a single thread at 2.67 GHz.
Please note that we did not parallelize our computation, with each thread performing
a single run at once.

Results

The first experimental finding, and maybe the most important, is that solving FIC/DK-
P seems to be strongly dependent on the problem instance. For the same data-set
configuration, C = 400,K = 400,S = 10, we produce 10 different problem instances
by changing the random seed and then performing for each one 30 different runs. We
present the result in Fig. 5. These results are supplementary evidence that the difficulty
of the problem is both dependent on the course catalog and the student objective.
Despite this dependence, it is still interesting to study the overall trends obtained from
our experiments to understand critical aspects of FIC/DK-P.

Fitness-wise, considering the entirety of the experiments we conduct, we always
obtained better solutions than the initial, pseudo-randomized, population, as presented
in Fig. 6. In some cases, we were even close to fully solving FIC/DK-P, with f ≈ 0.1.

Fig. 5 Fitness (y-axis) dependency study regarding problem and student objective instances. Each seed
(x-axis) aggregates 30 different runs, with a population of 100 individuals. C = 400,K = 400,S = 10,
P = 4
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Fig. 6 Fitness density of all our 124740 conducted runs.Generation 0 is the initial population andGeneration
1 is the final optimized one

These results confirm that 1) it is possible to compute nearly faultless curricula despite
the intractability faced in our previous experiment – which should give incentives to
the scientific community to try to solve this problem in depth – and 2) it is possible to
provide the education stakeholders with decision-making tools to help them assess the
quality of a curriculum. The three fitness peaks of the optimized population observable
in Fig. 6 (i.e. f ≈ 0.4, f ≈ 0.8 and f ≈ 1.1) are related to the requisites of the
student’s objective being met. So, we see that we are also able to provide the student
with a more fitted curriculum concerning his/her objective. Nonetheless, the objective
appears to be acting as a local optimum. In any case, the pseudo-randomized population
converging toward a single peak illustrates the difficulty of solving FIC/DK-P.

In Fig. 7we presented a part of the 124740 experiments carried out, with the number
of courses a student has to attend at each academic term S represented along the x-
axis. The best results were globally obtained when C = 400. We observed that the
spread of the fitness is not correlated with S: the results show a substantial similarity
of the spread which does not quite change as S increases or does not change linearly
(e.g. see Fig. 7c or f). Additionally, the relationship between how the fitness spreads
and the problem configuration appears to be non-trivial and even counterintuitive, as,
for less large problem configurations (first row of Fig. 7), the spread tends to be more
important than larger problem configuration (last row of Fig. 7).

Another interesting finding related to S can also be observed in Fig. 7. Intuitively,
as S increases, we can suppose that so does the likelihood of reinforcing the student’s
qualification for future courses, because the student will attend more courses and
theoretically will acquire more knowledge. This behavior is indeed observable in
Fig. 7 by looking at the initial population: the overall trend of the fitness decreases as
S increases. Yet, this intuition does not stand while observing the final populations.
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Fig. 7 Comparison of the problem difficulty fitness-wise (y-axis) according to the number of courses a
student has to attend each semester (x-axis), and the amount of courses and knowledge available. For all
these datasets, P = 4

It even appears that greater values of S in a highly diversified catalog of courses (i.e.
see Fig. 7i) tend to produce less good solutions than by assigning a more constrained
number of courses to the student. Thus, simply feeding the students with more courses
will not necessarily make the problem easier when searching for a good solution.

Figure 8 highlights themixed difficulty ofmaximizing the fourmetrics that compose
the fitness. Looking at Fig. 8c, all the individuals of the initial population are such
that ν3(x) = 1 because we built the entire population to maximize this constraint.
What is interesting however is that there is no derivation whatsoever for this metric
in the final population, suggesting that accommodating this metric is rather simple
and/or is a local optimum. Maximizing the credit metric ν1 does not seem to bear
strong difficulty either. As shown in Fig. 8a, in the initial population, about 90% of the
individuals are maximizing ν1. The final population reinforces the score by making
approximately 99% of the individuals maximizing the metric.

Figure 8d presents the ν4 metric related to the amount of difference between the
prerequisites of each course and the current mastery of a student at a given academic
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Fig. 8 Cumulative distribution comparison for the four fitness criteria considering the 124740 runs we
conducted. The x-axis is the criterion score where 1 means that all the metrics are fully answered. ν1
expresses the difference of credits between the amount expected and the amount obtained at each academic
term. ν2 expresses the amount of mastery lacking to entirely match the requisites of the student objective.
ν3 expresses the quantity of misallocated courses. ν4 expresses the amount of mastery lacking to match
each of the prerequisites of courses at each academic term

term. Unexpectedly, the score of the initial population is not as low as we initially
expected: about half of the individuals range between a metric score of 0.5 and 0.6.
Yet, this metric is continuous; interpreting it from a discrete standpoint means that
the student will not be qualified to attend more than half of the courses composing
his/her curriculum. The results are far more encouraging for the final population,
where all the individuals ranged between 0.7 and 1.0 (all the prerequisites are met).
This suggests that the decay of knowledge can be compensated with a thoughtful
sequence of courses. Interestingly, the two cumulative distributions share the same
kind of compressed shape. It may suggest that the decay of knowledge can create
attractive local optima. In any case, this was quite unforeseen.

Finally, the metric ν2 related to how well the requisites of the objective of the
student are met seems to be the most difficult to solve, even if it is expressed with
less knowledge than the entire curriculum. As the cumulative distribution of Fig. 8b)
shows, the initial population performed very poorly: more than 70% of the individuals
are such that ν2 = 0. The final population shows a significant improvement, where
no more than about 19% of the individuals obtain zero to the metric – which is still
not ideal for real-life context scenarios. On average, half of the individuals are above
or equal to 0.33, which means that at least one knowledge could at least be fully met.
Some individuals fully met the expected requisites for the objective of the student.
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The results of ν2 therefore suggest that meeting the requisites of the student objective
is maybe the hardest part of the problem and its importance during the search should
perhaps be weighed against the other metrics. In addition, the results highlight the
need to design new, more efficient algorithms since it is possible to obtain good values
for the metric.

In Fig. 8e and f we plot the cumulative distributions of these four criteria between
the pseudo-randomized population and the optimized population to facilitate the com-
parison. The final population shows significant improvements compared to the initial
one. Coupled with the results of Fig. 6 and that the fitness of the best individuals is
about f ≈ 0.1, this is an encouraging result for the study of new methods dedicated
to solving FIC/DK-P.

Prescriptive Recommendations

From the study of the results of our experiments conducted in Section 4, interesting
findings and insights emerged that could be helpful for various education stakeholders,
either to give a reflection on current practices or to facilitate the adoption of new prac-
tices regarding more flexible curricula. In this section, we present several prescriptive
recommendations.

The Importance of the Student Profile

Theprofile of the student has a significant effect on solvingFIC/DK-P. Institutionsmust
therefore be careful to identify the precise profile of their students before proposing
customization. Although several institutions often conduct written or oral tests for
selecting students that can later be used to identify their mastery of knowledge, how
they forget specific knowledge should also be identified. Otherwise, the risk is to
propose sequences of courses irrelevant to students’ needs. In that regard, a way to
identify decay functions could be to conduct self-positioning tests. By that means,
institutions and teachers could regularly test and compare the evolution of knowledge
of students, helping them to estimate and refine decay functions over the years.Another
way to identify students’ decay functions, possibly less efficient, could be to define
several clusters based on specific features (e.g. students grades, high school specialties)
and, for each cluster, assign predefined functions.

Objectives of Students: a Cornerstone

One of the primary challenges in developing a comprehensive and tailored curricu-
lum lies in determining the student’s objective, as it can potentially influence the
entire solution. As a result, institutions should meticulously evaluate and review these
objectives. Ideally, these objectives should be aligned with the needs and expectations
of socioeconomic stakeholders, determining the necessary knowledge and its desired
extent, which can potentially lead to the establishment of a shared taxonomy for the
entire community, fostering collaboration and coherence in defining and organizing
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educational objectives. Away tomitigate this difficulty could be for institutions to first
propose a catalog of objectives that can then be tailored to the student’s expectations,
eventually motivating the student during his/her curriculum.

Additionally, our framework could help institutions to assess the consistency of
their current curricula with the professional objectives that are currently reachable by
identifying which knowledge is missing or lacking. This could eventually give new
education quality indicators.

Inequitable Outcomes

Our experimental results show that some objectives seem harder to solve than others.
This finding could have important consequences in an educational context. It suggests
that depending on their objective – or how objectives are described by an institution
– some students could have either an advantage or a disadvantage in obtaining their
degree compared to their peers. These differences can manifest in several ways, such
as a shorter curriculum or an easier one. This could potentially introduce ethical and
inclusive biases that institutions should be aware of. A way to mitigate this disparity
of chance could be to monitor year by year several relevant information for each
objective, such as the percentage of failure of students, and refine the objectives that
need it. In any case, institutions and researchers should further study these biases.

Pooling Considerations for Curricula

Our research outcomes underscore a robust correlation between curricula and the spe-
cific catalogs employed by institutions. Consequently, we are driven to emphasize
the possible risks linked to the dissemination, the exploitation and the assimilation
of curricular material originating from other external institutions. This is particu-
larly applicable in scenarios involving program or student exchanges. Misalignment
may occur between how institutions define their course and knowledge catalogs (e.g.
knowledge not described with the same granularity, different interpretation of the pre-
requisite scale, semantic ambiguity regarding knowledge). This can potentially lead to
inappropriate curriculum for students participating in an exchange program and thus
degrading their performance or their engagement. This, in turn, can undermine the
credibility and reputation of the diploma, as it may no longer represent a consistent
level of knowledge. Our observation serves as a compelling incentive for institutions
involved in such programs to maintain a constant dialog. One way to mitigate these
risks for institutions could be to engage in the elaboration of common catalogs, ulti-
mately promoting interoperability.

Feeding the Student

To increase the qualification of a student for a specific objective, intuitively, one could
be inclined to feed the students with numerous courses to attend during each academic
term.However, our findings suggest that this assumption seems to not stand. Increasing
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the number of courses a student has to attend does not improve the quality of the
solution and, overall, tends to decrease it. On average, the best solutions were found
when the student had to attend ten courses (S = 10) per academic term, followed
by S = 17 which appears to be an interesting value to study further. In addition,
by increasing the number of courses, the likelihood of the student facing a cognitive
overload increases and will eventually be counterproductive. Although the theoretical
reasons for such an observation are currently unknown to us, we believe institutions
should be aware of it while designing their academic terms’ constraints.

Towards an Equilibrium

From our observation, there seems to exist a state of balance between 1) the number of
available courses, 2) the amount of knowledge, and 3) the quantity of knowledge taught
by each course and their prerequisites. Although we were not able to exactly define
this equilibrium point, we observed that it may be preferable to maintain a course over

competencies ratio superior or equal to one
(
C
K ≥ 1

)
. Otherwise, the problem seems

unbalanced, less tractable, and harder to solve. Maybe this is an indication for teachers
that knowledge should not be described in too fine a detail, or that the granularity of
knowledge description should be made in accordance with the number of courses
available.

Providing People with the Right Tools

Our results suggest that there is a turning point where humans need to be assisted
in FIC/DK-P to take an informed, high-quality decision. As we have shown that the
problem becomes quickly intractable (S = 3, T = 6,K = 10 and C = 12), the
need for decision-making tools emerges at an early stage of the process. We strongly
advise institutions against adopting a large-scale personalized or individualized cur-
ricula approach without the support of appropriate tools, as it would present significant
challenges for their employees. The fitness metrics we provide could help education
stakeholders to evaluate the quality of a solution they come up with, as well as recom-
mend some curricula and explain why they are potentially good candidates. This could
improve both the discussion with students and the identification of critical periods in
their curricula. In the meantime, institutions that currently enable students to cus-
tomize their curricula to a certain extent should be aware of the difficulty of evaluating
the quality of these personalized curricula.

Streamlining Knowledge Taxonomy

Usually, institutions have access to a knowledge taxonomy of their entire courses
through more or less comprehensive syllabuses made by teachers. This taxonomy
can be leveraged to produce the needed catalogs of courses and knowledge to solve
FIC/DK-P, although additional work may be required to clean the data and estab-
lish numerical prerequisites for courses. In the case of institutions that do not yet
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have implemented syllabuses or have incomplete ones, our model can provide a
straightforward method to produce relevant syllabuses as the two catalogs can be
used together to produce a CbKST graph Heller et al. (2006), which is a knowledge
taxonomy. Then, from this taxonomy, it is straightforward to produce comprehen-
sive institution’s syllabuses as all the relationships between courses have already been
expressed. Implicitly, institutions can employ our model to assess the integrity of their
pre-existing syllabuses and take appropriate measures as needed.

Conclusion and Discussion

Discussion

The experimental results we present are all based on simulated data produced from
one real-life dataset we extrapolated, which may have introduced some biases in them.
The first point to which we wish to draw attention on the representativeness of the
simulated data, as we cannot guarantee their soundness nor accuracy compared to real-
life situations: doing so is equivalent to solving FIC/DK-P. Consequently, we could not
guarantee that, for a given objective, a solution exists. This may be one of the reasons
regarding the difficulty of maximizing the fitness metric related to the objective of a
student ν2. Yet, this is an interesting point to consider, as it clearly illustrates how, for
institutions, the task of certifying that the academic outcomes they propose are aligned
with the courses is difficult.

Another point that seems important to consider is the difficulty of gathering courses
and knowledge information in institutions that are not fully engaged in this kind of
practice. This requires raising teachers’ awareness regarding how to describe their
teachings. An important future step to further study the problem could involve the
creation of a comprehensive real-life dataset that is shared within the community.
This effort could be facilitated by developing a collaborative procedure for collectively
defining a standardized description of the dataset. Benchmarking such a dataset will
be worthwhile as it will allow a common comparison point for the entire community
that can therefore be deployed in a real-life context, leading to the very first feedback
from the education stakeholders. For now, we are aiming to create a data warehouse
containing simulated datasets.

Our objective in this paper was not to find the best solution for a given instance of
FIC/DK-P, but to prove that near-good solutions can be computed and to investigate
FIC/DK-P. As a consequence, we used in our GA amono-objectivemethodwhichmay
be not, in retrospect, the most suited for solving the problem: we show by studying
our experimental results that this problem is multi-dimensional. A better approach
could be to work on multi-objective optimization and identifying the Pareto front
of the problem which could help to find the best combination. Incidentally, we also
question the independence of the parameters of the GA (e.g. mutation, crossover)
regarding the instance of the problem. In any case, we advocate that it should be the
education stakeholders that make the decisions process, supported by this kind of
decision-making tool, and not the other way around.
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Opportunities

Having such a framework to compute improved curricula brings interesting opportu-
nities, such as the explainability of the risks of failure of students. Institutions could
also implement interactivity in their current academic offers by showing to the stu-
dent the effect of replacing a course a curriculum. Involving students directly in the
decision-making process of the customization or individualization of curricula could
have a positive effect on their motivation, and could be a way to mitigate the difficulty
of the problem. In addition, institutions could assist students who failed an academic
year or students who wish to reorient themselves, by computing better-suited curric-
ula; institutions could also compute on-the-fly new curricula at each academic term
for each student to ensure that the initial recommendations are still valid or to correct
them if necessary. It could also help students to make informed choices, by indicating
the estimated risk of a curriculum according to his/her objective.

Another promising opportunity lies in the possibility for an institution to self-
assess the quality of its academic offer. By computing, for each of its students, a fully
individualized curriculum, an institution could identify which courses are undertaken
or not correctly located from an academic terms point of view, and thusmodify its offer
accordingly. Another self-assessment an institution could perform concerns the quality
of its academic offers compared to the proposed academic outcomes. By computing
curricula with a specific academic outcome as an objective for all its students, an
institution could identify if this objective is effectively reachable and, if not, inform
students under what conditions this objective should or should not be pursued.

Finally, we envisage adopting a multi-objective approach based on the ν2 and ν4
metrics. Studying the Pareto front will give away to quantify the difficulty of a curricu-
lum based on a student’s objective. This could become a powerful decision-making
tool, as it could show the risk of a specific curriculum to a student and help him/her
to make an informed choice, especially by identifying some challenging aspirations.

Conclusion

In this paper, we recognize that impact of knowledge decay over time and incorpo-
rate it as a fundamental aspect of the problem of finding a sequence of courses (i.e.
curriculum) that can qualify a given student for their objective. This is typically not
considered in curriculum design, which leads to a new problem we called the Fully
IndividualizedCurriculumwithDecayingKnowledge Problem (FIC/DK-P). The prin-
cipal objective of our work was to investigate and study this new problem. For that,
we initially proposed a modeling of FIC/DK-P, which we formalize further in the
last section of this paper. We conducted two experiments: one being an exact solving
method and one using a genetic algorithm, a meta-heuristic, to study the problem. The
experimental results show that the problem is very difficult to solve and is not fitted
to be manually solved by education stakeholders (we prove in Appendix A that the
problem is NP-Complete).

Our objective during these experiments was not to find the best solution given a
student’s profile and his/her objective. Rather, we wanted to prove that it is possible to
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increase the quality of a given curriculum up to a near-good solution, despite the prob-
lem’s high complexity, to encourage future optimizationworks. Our objective was also
to investigate FIC/DK-P and produce the first prescriptive recommendations for the
education stakeholders who are currently considering implementing individualization
or who have already done so.Wewere able to identify nine recommendations.We have
also illustrated the effects that our proposals could have on the different stakeholders.

In its current state, our framework can be useful in institutions implementing partial
or fully individualized curriculum design for monitoring a student’s progress and risks
in his/her curriculum. This can be achieved by updating the profile of the students
after each assessment. Our approach additionally encourages the adoption of dynamic
curricula, allowing students the flexibility to modify their planned course of study
in real time. This can occur due to different factors such as a change in personal
objective or a failure in completing a particular academic term – which is a common
occurrence considering the average time-to-degree for a Bachelor’s degree in Europe
is approximately 3.5 years Vossensteyn et al. (2015).

Our future works involve implementing state-of-the-art solving strategies from the
literature, such as meta-heuristic hybrids, in the context of FIC/DK-P to assess their
effectiveness through experiments and benchmarking them.Because of its importance,
we hope that the community will continue to explore this problem, which could lead
to the identification of new efficient and innovative techniques and algorithms to better
individualize students’ journeys, thus contributing to the United Nations’ sustainable
development goals for quality education.

Appendix A: Mathematical Foundation

In this section, we lay the mathematical foundation of FIC/DK-P for the sake of
reproducibility. We also prove that FIC/DK-P is NP-Complete.

A.1 Notation and glossary

• C : a course catalog;
• K : a catalog of knowledge;
• αc,k ∈ [0; 1] : the mastery of a knowledge k a course c brings to a student;
• τc,k ∈ [0; 1] : the mastery of a knowledge k a course c require to be attended
without risk – a prerequisite according to our definition;

• τo,k ∈ [0; 1] : the mastery of a knowledge k required by the student objective;
• O = [τo,k1 , . . . , τo,k|K| ] : a vector representing the state of all the knowledge
mastery τo,k expected in order to be qualified for the student objective;

• εc : the amount of credit a course c gives;
• E : a specific threshold of credit for a student required to graduate;
• t : an academic term;
• T : the overall number of academic terms of a curriculum;
• �t : the difference between two academic terms t and t + 1, with t + 1 > t ;
• St : the number of courses c a student must attend in an academic term t ;
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• λ = [ci , . . . , c j ] : a vector of size ∑T
t=1 St representing all the courses c of the

curriculum planned for a student;
• mk,t ∈ [0; 1] : the mastery of a knowledge k of the student at a specific academic
term t ;

• Pt = [mk1,t , . . . ,mk|K |,t ] : a vector representing the state of all the knowledge
mastery mk of a student at a specific academic term t , namely the student profile;

• δk(�t ) : the value of the decay a knowledge k face given a period �t if it is not
mobilized;

• f : the fitness function of an individual (see Section 4.3);
• ν1: a metric used in the fitness function f describing the difference of credits
between the amount expected and the one obtained;

• ν2: a metric used in the fitness function f describing the difference of mastery
between the requisites from the student objective and his/her profile at the end of
the curriculum;

• ν3: a metric used in the fitness function f describing the quantity of repetition of
each course in the curriculum;

• ν4: a metric used in the fitness function f describing the difference of mastery
between the prerequisites of each course and the mastery of a student at the
moment he/she attends it. It can be interpreted as the risk of a student failing
his/her curriculum or the curriculum difficulty;

A.2 Equations

The mastery of a knowledge k at an academic term t + �t of a student is given by the
following iterative definition:

mk,t+�t =
{
min(1,mk,t + αc,k) if k has been seen during t

max(mk,t + δk(�t ), 0) otherwise
(A.1)

As a reminder, the fitness function is defined in (2) in page 17 as:

f =
4∑

i=1

νi

The first metric ν1 used for the fitness function is defined as:

ν1 = 1 − min

⎛

⎝

∑
c∈λ

εc

E
, 1

⎞

⎠ (A.2)

The second metric ν2 used for the fitness function is defined as:

ν2 =
∑

k∈K

max
(
0, τo,k − mk,tend

)

τo,k
(A.3)
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The third metric ν3 used for the fitness function is defined as:

ν3 =
(

λ − N
λ

)
(A.4)

with N corresponding to the number of unique courses selected.
The fourth metric ν4 used for the fitness function is defined as:

ν4 =
T∑

t=1

∑

c∈C

∑

k∈K

max
(
0, τc,k − mk,t

)

τc,k
(A.5)

A.3 Complexity Study of FIC/DK-P

The experimental results presented in Section 4 highlighted that FIC/DK-P is a hard
combinatorial problem. We have not been able to scale up to real-case scenarios while
using an exact solvingmethod.Atmost, an answer could be computed for three courses
by semester with amaximumof seven courses available for each period. Consequently,
we had to study the complexity of FIC/DK-P to better understand this problem and
for future reference.

Let α be a complete assignment. Since we cannot know if α is optimal such that
f (α)whilst all the assignment has not been visited, one can say that our individualized
curriculum problem I is at least strongly NP Sipser (1996). Here, we claim that opti-
mizing our problem is nondeterministic polynomial-time complete (NP-Complete).

Proof Let consider the Partially Ordered Knapsack Problem (POK) Kolliopoulos and
Steiner (2007); Boland et al. (2012). The knapsack problem consists of finding an
assignment of items i from a set of items N whose maximize an overall usefulness
score, while the total weight of the items does not exceed the knapsack capacity
b ∈ Z

+. Each item i ∈ N has a value vi ∈ Z and a weight wi ∈ Z
+. In addition, POK

introduces a partial order set (poset), which is a set of precedence relationships on
items, denoted S ⊆ (N ×N ,≺p), where a precedence relationship (i, j) ∈ S stands
iff i can be placed in the knapsack only if j is already in the knapsack, i.e. i ≺p j .
This precedence constraint can be represented by a directed graphG = (N , S), where
each precedence constraint in S is represented by a directed arc from and to items in
N . Garey and Johnson (1979); Kolliopoulos and Steiner (2007) shown that this kind
of problem is strongly NP-Complete. A POK formulation can be as follow. Let

xi =
{
0, if item i is not included in the knapsack

1, otherwise
for all i ∈ N .

Then the POK may be written as:

max
∑

i∈N
vi xi (A.6)
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s.t.
∑

i∈N
wi xi ≤ b (A.7)

xi ≺p x j , ∀(i, j) ∈ S (A.8)

xi ∈ {0, 1}, ∀i ∈ N (A.9)

Let us also consider a sub-part of the FIC/DK-P problem, such as I ′ ⊂ I . Here,
I ′ is an idealized representation of I , where there is no decay over time t regarding
the learned competencies k of a student, such that mk,t+�t = mk,t , and where once
a knowledge is taught to the student, it is fully assimilated, such that ∀k, c, αc,k = 1.
Besides, we do not consider any credit system, therefore we can write ∀c, εc = ∞ as
ε acts as a constraint in FIC/DK-P. Consequently, the dependencies between courses
can be expressed using logical operators L = 〈∧,∨〉 to form a N = C + 1 nodes
and-or directed graph G = (N , S) – where e : S → L is a labeling function and the
C+1 node is the career goalO. We can decomposeG into n graphsG ′, given that each
of these graphs is an instance of the problem where precedence relationships are no
longer conditional, i.e. that each 〈∨〉 choice has been decided, and G ′

i �= G ′
j , i, j ∈ n.

These precedence relationships on the item are expressible as a set of posets, denoted
S = 〈

(N × N ,≺p1), . . . , (N × N ,≺pn)
〉
, each poset (N ×N ,≺i ) being associated

with G ′
i , i ∈ n. It appears to be clear that an optimal assignment for I ′ entails finding

the best value (cf. (A.6)) among the subgraphs G ′, and can be written as follow:

max

⎛

⎝
{
max

∑

i∈N
vi xi

}

1

, . . . ,

{
max

∑

i∈N
vi xi

}

n

⎞

⎠ (A.10)

s.t.
∑

i∈N
wi xi ≤ b (A.11)

xi ≺p x j , ∀(i, j) ∈ S (A.12)

xi ∈ {0, 1}, ∀i ∈ N (A.13)

With (A.11) representing the global time constraint (i.e. the fact that you cannot
take more courses than you can physically attempt to). Now, by supposing that n = 1,
(A.10) and (A.12) respectively collapse to (A.6) and (A.8). Therefore, POK is a specific
case of I ′ where n = 1. Since the decomposition of G to G ′ graphs is made in a
polynomial time, one can say that I ′ is NP-Complete.

Thereafter, we show that the full individualized curriculum problem I is at least as
hard as I ′. By reintroducing the decay δ in the formulation of our problem, (A.10) can
be written as:

max

⎛

⎝
{
max

∑

i∈N
(vi − δv(t))xi

}

1

, . . . ,

{
max

∑

i∈N
(vi − δv(t))xi

}

n

⎞

⎠ (A.14)

making the finding of an optimal assignment asymptotically equivalent if enough
courses are visited, or harder otherwise. Incidentally, the transitivity of the partial
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set is maintained, as ∀(x, y) ∈ (N × N ,≺), we either have x Ry or yRx , where,
R = δk(t),∀k ∈ x ∪ y. Reintroducing credits in the problem formulation means that,
for each period, wemust have enough credit at each academic term; it could potentially
reduce the course candidates in each academic term by a constant factor, but this does
not change the combinatorial property of the problem.

Consequently, I is at least as hard as I ′, meaning that the Fully Individualized
Curriculum with Decaying Knowledge Problem is NP-Complete. ��

Please note that several works, such as Acampora et al. (2011); Al-Muhaideb and
Menai (2011), had claim that arranging and delivering e-Learning materials to a spe-
cific learner is a NP-HARD problem. Taking into account the decay thus make the
problem harder. This is an additional argument for giving to education stakeholders
appropriate tools.

Appendix B: Algorithmic Details andMethods Implementation

B.1 Pseudo-code

Algorithm 1 Algorithm overview of Solver 1 & 2
Require: G a tree graph of courses for the entire curriculum
Ensure: the best assignment value b or −1 if no solution found
a ← {} � The assignment of courses which will be evaluate
b ← −1 � The best score from the solutions found
r ← get Root(G)

b ← max(b,explore(G,r ,a,b))
procedure explore(G,s,a,b)

s ←visited
a.insert(s) � Considering s as a part of the current assignment
if unvisitedNeighbors(s) �= ∅ then

for all neighbor n of s do
b ← max(b,explore(G,n,a,b))

end for
else if isValidAssignment(a) then

b ← max(b,score(a))
end if
a.remove(s)
return b

end procedure

This is a depth-first search (DFS) based algorithm, where each vertices of G have
all the other non-taken courses as neighbors. Note that to optimize the search time, one
can build G such that its depth equals

∑T
t=1 St and that, at depth i , only the available

courses can be taken.
This heuristic is employed alongside Algorithm 1 to guide the course exploration

process, ensuring that the student’s mastery of the learning objective remains equal
to or above the expected value τo,k . It is important to note that this heuristic does
not restrict the search space. However, if the heuristic results in b = ∅, the specific
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Algorithm 2 Pseudo-code of the selection heuristic of Solver 2
Require: s the vertices of G, t
Ensure: The best course that prevents the knowledgemastery of the objective to decay below theminimum
threshold
score ← −1
best ← ∅
for all neighbor n of s do

if n is not visi ted then
for all k ∈ O do

if mk,t − δk (�t ) < τo,k then
if k ∈ n then

a ← a + αn,k
b ← n

end if
end if

end for
end if
if a > score then

score ← a
best ← b

end if
a ← −1
b ← ∅

end for

behavior for selecting the next node to explore is not defined and is left to the discretion
of the implementation. In our case, it is contingent on the Prolog engine. Finally, one
can then customize the Algorithm 1 to prune specific branches that are sure to lead
to non-solution (e.g. not enough courses that can improve mastery of k above the τo,k
threshold).

B.2 Source Codes

B.2.1 Source Code of the Exact Method

For the actual implementation in Prolog of the exact solving method presented
in subsection 4.2, please refer to: https://archive.softwareheritage.org/swh:1:dir:
1eba2c7a6dbee16774a59a0988e6101f3e99851f.

B.2.2 Source Code of the Meta-Heuristic Method

For the actual implementation of the meta-heuristic method presented in subsection 4.3,
please refer to : https://archive.softwareheritage.org/swh:1:dir:a4dfe03c88df199b431
b3482920e6aa70e43f8ef
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