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Abstract: This work is related to the diagnosis process in intelligent tutoring systems (ITS). This
process is usually a complex task that relies on imperfect data. Indeed, learning data may suffer
from imprecision, uncertainty, and sometimes contradictions. In this paper, we propose Diag-Skills a
diagnosis model that uses the theory of belief functions to capture these imperfections. The objective
of this work is twofold: first, a dynamic diagnosis of the evaluated skills, then, the prediction of the
state of the non-evaluated ones. We conducted two studies to evaluate the prediction precision of
Diag-Skills. The evaluations showed good precision in predictions and almost perfect agreement
with the instructor when the model failed to predict the effective state of the skill. Our main premise
is that these results will serve as a support to the remediation and the feedbacks given to the learners
by providing them a proper personalization.
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1. Introduction

Intelligent tutoring systems (ITSs) have widely been used in education and have be-
come one of the most popular areas of research and development [1,2]. One of the strengths
of these systems is their ability to offer personalized learning, at any time, for learners from
different backgrounds and with different profiles [3–6]. To be able to offer this dynamic
personalization, it is necessary to capture the learner’s characteristics (knowledge, abilities,
needs, etc.) [7–10] which are commonly represented in a student/learner model [11,12].
However, it is difficult to identify accurately these characteristics. More specifically, it
cannot be accurately said that a student has learned a concept or not. In fact, in certain
cases, students can accidentally give a correct answer (a guess), or inversely, they can give
a wrong answer without having any flaw in the skill (a slip). Thus, the diagnosis process
often deals with uncertainty [12–14].

To take into account uncertainties, several research works use Artificial Intelligence
(AI) techniques. They proved to be successful means to handle problems with incomplete
and/or uncertain data [2,11]. As far as adaptive e-learning systems are concerned, fuzzy
logic and Bayesian networks are some of the most used techniques to assess and diagnose
student knowledge and skills [14,15]. However, their utility remains limited when it comes
to combining information from different sources and capturing potential contradictions.
In this work, we propose to use the theory of belief functions, also called Dempster–
Shafer theory of evidence [16], which is a popular mathematical framework that deals
with uncertain information. It is used in several domains such as decision making, risk
and reliability evaluation, [17,18] sensor data fusion, and aggregation operators [19]. In
addition, to its ability to deal with uncertain and imprecise information, this framework
provides a natural and powerful way for the expression and fusion of uncertain information
from heterogeneous sources and handle the existing conflict between these sources [20].
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In this paper, we present a diagnosis module called Diag-Skills. This module is based
on the pairing of a semantic model (domain ontology) and the theory of belief functions.
Diag-Skills uses the learner’s evaluation grades to determine the state of the evaluated skills
and predicts the state of the non-evaluated ones. This diagnosis serves as a support to the
personalization of the learning. Therefore, we raise the following research question: how
to consider the uncertainty related to the evaluation grades to achieve a better diagnosis
that will naturally lead to better-personalized learning?

This paper is organized as follows. In Section 2, we list some related works. In Section 3,
we expose the system’s architecture in which Diag-Skills is integrated. In Section 4, we
present Diag-Skills and explain how belief functions are used to model uncertainty. In
Section 5, we describe the experiment realized to evaluate Diag-Skills. Finally, we discuss
the experimental results and present our perspectives for this work in Section 6.

2. Related Works

As stated in the introduction of this paper, the diagnosis process in ITS is often marked
by uncertainty. This issue had led several researchers to consider different approaches to take
this uncertainty into account, and improve the quality of the diagnosis process consequently.

Bayesian networks are one of the most widely used approaches that deal with un-
certainty in the diagnosis process [10]. A Bayesian network is a directed acyclic graph
in which the nodes represent the variables and the edges represent the probabilistic de-
pendencies or causal relationships between these variables. Among the systems that use
such networks, we can mention TELEOS (Technology Enhanced Learning Environment
for Orthopedic Surgery) [21] that uses a Bayesian student model to diagnose the students’
knowledge states and cognitive behaviors. Other systems and computing environments
have used these networks in different domains such as TIDES [22], AdaptErrEx [23], and
INQPRO [24]. The Bayesian networks offer a well-defined formalism that lends itself
to sound probability computations of unobserved nodes from the evidence of observed
nodes [25]. However, one major limitation of the use of Bayesian networks is that they need
to be initially set with probabilities, and it is very hard for the domain’s expert to encrypt
these probabilities, when (s)he does not have enough data. Furthermore, the collection of
these data is usually difficult.

Another well-established approach for reasoning with uncertainty in the diagnosis
process is the use of fuzzy logic [26]. Some researchers use fuzzy logic to model uncer-
tainty that is due to the subjectivity of some human characteristics and imprecisions of the
learner’s data [10]. The fuzzy logic is a generalization of the classical set theory. It intro-
duces the notion of degree of membership which allows a condition to be in a state other
than true or false. It also introduces the use of linguistic variables and the design of models
that are both intelligible and runnable by computer systems. Therefore, many learning
environments use this approach to model the learners’ characteristics such as [5,27,28].
However, it has also some limitations. The rule base and membership functions become
difficult to acquire when the domain model is complex and when there are several input
variables. Moreover, when it comes to merging information coming from multiple sources,
fuzzy logic fails to quantify the conflict when it exists.

Some researchers adopted a hybrid approach by combining Bayesian networks with
fuzzy logic. Meltem Eryılmaz and Afaf Adabashi [2], for example, proposed a hybrid
system to adaptively support students in learning an Excel course. The adaptation is
achieved by modeling the students according to their knowledge level. The authors
used fuzzy logic to determine the performance of the students according to their prior
knowledge, and the Bayesian network to identify the state of the related topics they are
ready to learn, or not, according to the evidence that comes from the fuzzy logic layer. This
system benefits from the strength of both approaches; however, it remains limited when it
comes to merging information and quantifying the conflict when it exists.
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3. General Architecture

Our proposition is inspired by the work of [29]. Similarly, we propose a diagnosis
model based on the pairing of a semantic model and the theory of belief functions. This
latter is a generalization of the Bayesian and the fuzzy approaches. Thus, it brings together
the strengths of both approaches in the same framework alongside other features. One of
the original features of this proposal is the possibility to merge information from multiple
information sources and quantify the conflict that could arise from the contradictions
between these sources (e.g., evaluations, propagated beliefs). Furthermore, unlike classical
probabilistic approaches, it gives a better representation of ignorance by distinguishing it
from the case where the hypotheses are indeed equiprobable. Moreover, unlike [29], this
model exploits the relations between the domain’s skills to infer the state of those that have
not been evaluated yet.

The diagnosis model that we propose is a part of a more general ITS architecture that
is composed of different modules namely: the evaluation module and the orchestration
module (cf. Figure 1). It is also composed of a domain model represented by an ontology.
This latter allows the experts to specify the concepts of the domain and the links these
concepts have with each other. This ITS is dedicated to algorithmic learning; however,
since the diagnosis model is based on a generic approach, it can be applied to other
learning domains.
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Figure 1. High-level architecture of the ITS.

In the following subsections, we present the different elements of this architecture and
describe how they interact with the diagnosis module.

3.1. The Domain Model

The domain model is represented using the Algoskills ontology [30]. It gives the instruc-
tors a detailed view of different concepts in the algorithmic course. This ontology is composed
of three main classes: The Topics class, the Skills class, and the Resources class (Figure 2).

The Topics class represents the hierarchy of notions in the algorithmic domain. Every
notion is called a Topic. Each Topic is characterized by a noun, a definition, and one or
several sub-classes. For example, the Topic “function” is a subclass (sub Topic) of the Topic
“Algorithm structure”.

The Skills class represents the set of skills in algorithmic. It includes two types of Skills:
disciplinary skills and transversal skills. The Topic class is related to disciplinary Skills by a
semantic relation “is useful to”. E.g., the Topic “Recursivity” is useful to the Skill “identify
the_recursives_structures_of_the_problem”. Finally, the Resources class regroup all the
exercises that are used to evaluate the skills.
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To provide relevant feedbacks in ITS, it is necessary to know if there is any relation
between the skills. For example, when a skill is acquired, it would be interesting to know
which skill could be evaluated next. Furthermore, when a skill is not acquired, it would be
interesting to know if this is due to a flaw in a related skill. Therefore, we propose to add
the relation “Is-a-prerequisite” between the skills. Let us take, for example, two skills: Si
and Sj. Si is a prerequisite of Sj, if the acquisition of Si precedes the acquisition of Sj.

3.2. The Evaluation Module

This module aims to evaluate the learner’s productions. To do so, it compares these
productions with the expected results. The interpretation of this comparison is expressed
in numerical grades that are attributed to the corresponding skills. Once the numerical
grades have been attributed, they are sent to the diagnosis module to establish a diagnosis
of the learner’s skills.

3.3. The Diagnosis Module

The diagnosis model receives the evaluation grades from the evaluation module.
Based on these evaluation grades, it generates beliefs about the acquisition and non-
acquisition of the skills—whether they were directly evaluated or not. These beliefs are
then used to express the skill’s state as a linguistic output. We defined six skill states:
acquired, not acquired, probably acquired, probably not acquired, undetermined, and conflictual.
These states are then transmitted to the orchestration module that takes the appropriate
decisions to customize the learning session. The diagnosis model is the major contribution
of this paper. We detail it in Section 4.

3.4. The Orchestration Module

This module is in charge of the orchestration of the learning sessions. It receives the
states of the skills from the diagnosis module. Based on them, it generates the appropriate
learning sequences. For example, if the state of a learner’s skill is probably acquired, the
orchestration module will propose exercises to consolidate it. However, if the skill is
acquired, the orchestration engine will tend to propose exercises in which this skill is
considered as a prerequisite.
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4. Diag-Skills: The Diagnosis Model
4.1. Knowledge Representation

Evaluation grades are usually based on experts’ interpretations. This interpretation is
sometimes subjective. Moreover, these grades can be based on an automatic evaluation
process. Hence, the provided data might suffer from different kinds of imperfection:

• Uncertainty: learners can accidentally give a correct answer (a guess), or they can
give a wrong answer without having any flaw in the skills (a slip);

• Imprecision: an automatic evaluation system might consider that the learner’s score
is in the range of 15 to 17, or produces a fuzzy linguistic variable as output (e.g.,
Good Performance);

• Contradiction: evaluation grades can be provided by different sources. Therefore, it
is likely to find some inconsistencies between them;

• Ignorance: the system has no information at all about the skill’s state.

An optimal diagnosis model has to take into account all these kinds of imperfections
and be able to merge information that comes from different sources at different or similar
times. To be able to do so, we propose to use the theory of belief functions. This theory
allows us to represent in a single framework all kinds of data imperfection. Besides, when
it comes to combining evidence from different sources, this theory provides several rules
of combination that may or may not highlight the contradiction between the sources.
Belief functions can be represented in different ways. We chose to represent them using
a basic belief assignment (BBA) defined as a function m. This function is the mapping
from elements of the power set 2
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m(A) = 1, where
Ω = {ω1, . . . , ωk} is a set of discrete values–called hypotheses–that can describe the state
of the system.

The BBA m(A) represents the belief mass attributed to A which could not be af-
fected to a subset more specific than A. In our context, a skill is either acquired or not
acquired. Therefore, Ω = {acquired, ¬acquired}. In the remainder of this paper, we use
the following notations:

• m(a) = m({acquired}), which represents the belief mass assigned to the fact that the
learner has acquired the skill;

• m(¬a) = m({¬acquired}), which represents the belief mass assigned to the fact that
the learner has not acquired the skill;

• m(i) = m({acquired, ¬acquired}), which represents the belief mass assigned to the
fact that the system ignores if the skill is acquired or not;

• m(c) = m(∅), which represents the belief mass assigned to the fact that there is a
conflict resulting from certain contradictions.

• These belief masses are such that:

m(a) + m(¬a) + m(i) + m(c) = 1. (1)

4.2. The Diagnosis Process

The diagnosis process is based on five main functions as illustrated in Figure 3:

• The Transformation of evaluation grades into belief masses;
• The Revision of local beliefs;
• The Propagation of the revised beliefs to the neighboring skills;
• The Merge of the propagated beliefs with the local ones;
• The Translation of beliefs to a skill’s state.

When a skill is evaluated, Diag-Skills receives an evaluation grade. This numerical
value is transformed into mass distribution. This latter is used to perform a revision of the
current mass distribution. This change in the skill’s mass distribution triggers a recursive
propagation to the neighboring skills. When a propagated belief is received, it is merged
with the current belief thanks to the Fusion function.
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4.2.1. The Transformation Function

Diag-Skills’ reasoning is based on mass distributions. It uses these masses in order
to determine the state of the learner’s skills. However, as indicated in the architecture,
the diagnosis module receives numerical grades from the evaluation module. These
numerical values are not directly processable by Diag-Skills and need to be transformed
into a distribution of belief masses. To do so, we define the transformation function
T(ne, E, ε). The first parameter (ne) refers to the score obtained by the learner in a given
assessment. It is defined in the range [0, n], where 0 and n represent respectively the
minimum and maximum score that the learner can get in an assessment. The second
parameter (E) represents the minimum score required to validate the assessment. Finally,
(ε) represents a range of doubt on E. Based on these parameters, this function returns
distribution of belief masses (i.e., the values of m(a), m(¬a), m(i), and m(c)) such that
m(a) + m(¬a) + m(i) + m(c) = 1. The function is illustrated in Figure 4.
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The belief masses are defined as follows:

m(¬a) =

−
1

E + ε
x + 1, 0 ≤ x < E + ε

0, E + ε ≤ x
, (2)

m(a) =


1

n− E + ε
x +

(
−E + ε

n− E + ε

)
, E− ε < x ≤ n

0, x ≤ E− ε

, (3)

m(i) =


1−m(¬a) 0 ≤ x < E− ε

1−m(¬a)−m(a) E− ε ≤ x ≤ E + ε
1−m(a) E + ε < x

. (4)

Let us take an example of a learner who got a score of 14 out of 20 on a test in which the
required score to validate it is 10, with a doubt of 2 out of 20. The belief mass distribution
is in this case:

m(a) = 0, m(¬a) = 0.5, m(i) = 0.5, m(c) = 0.

4.2.2. The Revision Function

The purpose of this function is to update a skill’s state when new information arrives.
It consists in taking into consideration the incoming belief and combining it with the
existing one. We argue that this revision process should depend on the gap between the
existing belief and the new one. We distinguish two cases. The first one refers to the case
where the states of the skills are almost similar to each other (i.e., adjacent states). For
example, the current state is probably acquired and the new state is acquired. The second
case refers to the case where the states of the skills are considerably different from each
other (i.e., not adjacent states). For example, the current state is Probably acquired and the
new state is not acquired. Therefore, we define two different revision operators that we
detail below.

The first revision operator is applied when the incoming skill’s state is almost similar
to the existing one. In this case, we believe that it is necessary to maximize the consideration
of the new information and minimize the loss of the current one. To do so, we propose to
use the inner revision operator [31]. Let mC and mN be two mass functions over Ω and let
φ be an inner revision operator that revises mC using mN such that

mR(A) = mN(A) φ mC (A)

= ∑
A
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B
σA(A, B) ∗mA(B)

σA(A, B) = {
mI

Bel(B) Bel(B) > 0

0 Bel(B) > 0 et A 6= B

1 Bel(B) = 0 et A = B

},

(5)

with Bel(B) = ∑
CB,C 6=∅

m(C). We apply this operator to compute the revised values of m(a),

m(¬a), m(i), and m(c):

mR(a) = mC(a)
mC(a)+mC(¬a)+mC(i)

∗mN(i) + mN(a),

mR (¬a) = mC (¬a)
mC (a)+mC (¬a)+mC (i) ∗mN(i) + mN(¬a),

mR(i) = mC(i) ∗mN(i) ,

mR(c) = 1−mR(a)−mR (¬a)−mR(i).

(6)
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The second revision operator is applied when the incoming skill’s state is considerably
different from the current one. In this case, we believe that is necessary to attribute the
same importance to current and new information. To do so, we propose to use the non-
associative average. Let mC and mN be two mass functions, and σ a non-associative average
operator that revises mC by mN . The revision result is defined by

mR(c) = mC(c) σ mN(c). (7)

We apply this operator to compute the revised values of m(a), m(¬a), m(i), and m(c):

mR (a) = mC(a)+mN(a)
2 ,

mR(¬a) = mC(¬a)+mN(¬a)
2 ,

mR(c) =
mC(c)+mN(c)

2 ,

mR(i) = 1−mR (a)−mR (¬a)−mR (c).

(8)

4.2.3. The Propagation Function

The ultimate objective of Diag-Skills is to establish a global diagnosis of the learner’s
skills. It is not only about diagnosing the skills that have been directly evaluated, but also
about predicting the state of the skills that have not been evaluated yet. To that purpose,
when a change occurs in a skill’s state, Diag-Skills triggers a top-down and a bottom-up
propagation. In either case, we assume that the propagation implies a loss of information.
To represent this loss of information, we use a discounting operator, which transforms each
belief mass into a weaker and less informative one [16]. The discounting operation is based
on a discount rate α taking values between 0 and 1. It is described as follows:

m∝(A) = (1− ∝) ∗m(A), ∀ A ⊂
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In the following subsections, we detail how this discounting operation is adjusted to
fit the particularity of each type of propagation, and we specify which belief masses are
targeted by the discounting operation.

Top-Down Propagation

Top-down propagation refers to the propagation from a skill to its prerequisites. When
a skill is acquired, this implies that its prerequisites are necessarily acquired. On the other
hand, when it is not acquired, this does not necessarily mean that its prerequisites are not
acquired. Therefore, when it comes to top-down propagation, we argue that the loss of
information should not concern the belief about the acquisition of the skill (i.e., the mass
m(a)) and should only concern the beliefs about the non-acquisition and the conflict. This
loss is quantified by a discounting rate α and depends on the number of prerequisites n.
Accordingly, we define the top-down discounting function £ that takes as input the source
skill S and returns a “weaker” belief mass distribution to be propagated to its prerequisites.
The function is defined as follows:

£(S) = (£a(S), £¬a(S), £i(S), £c(S)),

£a(S) = mS(a),

£¬a(S) = (1− ∝)n ∗ mS(¬a),

£c(S) = (1− ∝)n ∗ mS(c),

£i(S) = 1− £a(S)− £¬a(S)− £c(S) .

(10)
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Bottom-Up Propagation

Bottom-up propagation refers to the propagation from a skill to the skill of which it
is a prerequisite (referred to as a “parent”). When a skill is not acquired, this implies that
its parent skills cannot be acquired. On the other hand, when it is acquired, this does not
necessarily mean that the parent skills are acquired. Therefore, when it comes to bottom-up
propagation, we argue that the loss of information should not concern the belief about
the non-acquisition of the skill (i.e., the mass m(¬a)) and should only concern the beliefs
about the acquisition and the conflict. This loss is quantified by a discounting factor α and
depends on the total number of the parent’s prerequisites n. Accordingly, we define the
Bottom-up discounting function U = that takes as input the source skill S and returns a
“weaker” belief mass distribution to be propagated to its parents. The function is defined
as follows:

U = (S) = (U =a (S),U =¬a (S), U =i (S), U =c (S)),

U =a (S) = (1− ∝)n ∗ mS(a),

U =¬a (S) = mS(¬a),

U =c (S) = (1− ∝)n ∗ mS(c),

U = i(S) = 1−U =a (S)−U =¬a (S)−U =c (S).

(11)

4.2.4. Fusion Function

When propagation happens, a skill may receive a propagated belief. To determine
the new skill’s state, we need to combine this propagated belief with the current one.
Accordingly, we propose a fusion function that merges these two beliefs. This fusion allows
Diag-Skills to enrich the diagnosis and so, improve the orchestration. For example, if the
propagated belief shows that a particular skill is acquired and the current belief shows that
is not, this means that an inconsistency exists in this skill’s state and that special attention
should be given to this skill. To highlight this inconsistency, it is necessary to use a merge
operator that quantifies the conflict between the sources. To that purpose, we propose
to use the conjunctive combination rule [16,32]. To do so, we define the fusion function
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. This function uses the propagated belief and the current belief of the skill as the input
variables and returns a merged mass distribution.

Let m1 and m2 be two distinct beliefs defined on the same frame of discernment. The
fusion operator is defined as follows:
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(m1, m2) = m1(A)⊕m2(A)

= ∑B∩C=A m1(B) ∗ m2(C).
(12)

We apply this operator to compute the values of the mass distributions after the fusion:

m f (a) = m1(a) ∗m2(a) + m1(i) ∗m2(a) + m2(i) ∗m1(a),

m f (¬a) = m1(¬a) ∗m2(¬a) + m1(i) ∗m2(¬a) + m2(i) ∗m1(¬a),

m f (i) = m1(i) ∗m2(i),

m f (c) = 1−m f (a)−m f (¬a)−m f (i).

(13)

Based on the propagation and fusion functions, we define the general propagation
algorithm. It is a recursive process that is triggered whenever there is a change in a skill’s
state. In particular, when a direct evaluation of skill is performed, top-down and bottom-up
propagations are triggered. When a propagated belief is received, it is merged with the
existing belief before performing a propagation in the same direction. We detail this process
in the following Algorithm 1.
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Algorithm 1 recursive propagation when a change occurs in a skill’s state

propagation (skill, flag € {‘TD’,’BU‘, ‘TD-BU’})
if (flag = ‘TD-BU’) then

propagation(skill, ’BU’)
propagation(skill, ’TD’)

if (flag = “TD”) then
forall prerequisite in getPrerequisitesOf(skill) do

propagated_belief: = top-down_propagation(skill.belief)
prerequisite.belief: = fusion(propagated_belief, prerequisite.belief)
propagation(prerequisite,’TD’)

if (flag = ‘BU’) then
forall parent in getParentsOf(skill) do

propagated_belief: = bottom-up_propagation(skill.belief)
parent_belief: = fusion(propagated_belief, parent.belief)
propagation(parent,’BU’)

4.2.5. Translation Function

As indicated in the architecture, the orchestration module receives skills’ states from
the diagnosis module. Thus, it is necessary to translate the mass distribution to a skill’s
state before sending it to the orchestration module. To that purpose, we define the function
(

Appl. Sci. 2021, 11, x FOR PEER REVIEW  10  of  18 
 

Algorithm 1 recursive propagation when a change occurs in a skill’s state 

propagation (skill, flag € {‘TD’,’BU‘, ‘TD‐BU’}) 

  if (flag = ‘TD‐BU’) then 

    propagation(skill, ’BU’) 

    propagation(skill, ’TD’) 

  if (flag = “TD”) then 

    forall prerequisite in getPrerequisitesOf(skill) do 

      propagated_belief: = top‐down_propagation(skill.belief) 

      prerequisite.belief: = fusion(propagated_belief, prerequisite.belief) 

      propagation(prerequisite,’TD’) 

  if (flag = ‘BU’) then 

    forall parent in getParentsOf(skill) do 

      propagated_belief: = bottom‐up_propagation(skill.belief) 

      parent_belief: = fusion(propagated_belief, parent.belief) 

      propagation(parent,’BU’) 

4.2.5. Translation Function 

As indicated in the architecture, the orchestration module receives skills’ states from 

the diagnosis module. Thus, it is necessary to translate the mass distribution to a skill’s 

state before sending it to the orchestration module. To that purpose, we define the func‐

tion (Ꞁ), which takes the belief masses (m(a), m(a), m(i), m(c)) as input variables, and 

returns the corresponding skill’s state. Given below are the sets of rules used by this func‐

tion: 

 If mሺaሻ    0.75 then the skill’s state is not acquired; 
 If mሺaሻ    0.75 then the skill’s state is acquired; 
 If mሺcሻ    0.75 then the skill’s state is conflictual; 
 If mሺiሻ    0.75 then the skill’s state is undetermined; 
 If  0.75  𝑚ሺ𝑎ሻ  0.25  and 𝑚ሺ𝑎ሻ   𝑚ሺ𝑎ሻ  then the skill’s state is probably acquired; 
 If  0.75  mሺaሻ  0.25  and 𝑚ሺ𝑎ሻ  𝑚ሺ𝑎ሻ  then the skill’s state  is Probably not ac‐

quired; 

 If 𝑚ሺ𝑎ሻ 𝑎𝑛𝑑 𝑚ሺ𝑎ሻ ൏ 0.25  and 𝑚ሺ𝑖ሻ   𝑚ሺ𝑐ሻ  then the skill’s state is undetermined; 
 If 𝑚ሺ𝑎ሻ 𝑎𝑛𝑑 𝑚ሺ𝑎ሻ ൏ 0.25  and m(c)  mሺiሻ  then the skill’s state is conflictual. 

4.3. Implementation 

Diag‐Skills is developed in Python. It uses Pandas library to manipulate datasets. At 

this stage, the current version of Diag‐Skills does not have a graphical user interface. It 

runs online on Google Colab Platfrom. The main function of the program takes as input a 

csv file that contains the evaluation scores of the students for each skill (cf. Table 1), and 

returns a csv file that includes the skills’ state after the diagnosis process (cf. Table 2). 

Table 1. Example of a csv input file. The columns correspond to the domain’s skills and the rows 

correspond to the students. The cells’ content is the student’s numerical score for the corresponding 

skill. ‘NaN’ is used when a score is missing. 

Students  Skill_1  Skill_2  …  Skill_n 

Student_1  15  11  …  7 

Student_2  11  NaN  …  0 

…  …  …  …  … 

Student_n  5  7  …  12 

   

), which takes the belief masses (m(a), m(¬a), m(i), m(c)) as input variables, and returns
the corresponding skill’s state. Given below are the sets of rules used by this function:

• If m(¬a) ≥ 0.75 then the skill’s state is not acquired;
• If m(a) ≥ 0.75 then the skill’s state is acquired;
• If m(c) ≥ 0.75 then the skill’s state is conflictual;
• If m(i) ≥ 0.75 then the skill’s state is undetermined;
• If 0.75 > m(a) > 0.25 and m(a) ≥ m(¬a) then the skill’s state is probably acquired;
• If 0.75 > m(¬a) > 0.25 and m(¬a) ≥ m(a) then the skill’s state is Probably not acquired;
• If m(a) and m(¬a) < 0.25 and m(i) ≥ m(c) then the skill’s state is undetermined;
• If m(a) and m(¬a) < 0.25 and m(c) ≥ m(i) then the skill’s state is conflictual.

4.3. Implementation

Diag-Skills is developed in Python. It uses Pandas library to manipulate datasets. At
this stage, the current version of Diag-Skills does not have a graphical user interface. It
runs online on Google Colab Platfrom. The main function of the program takes as input a
csv file that contains the evaluation scores of the students for each skill (cf. Table 1), and
returns a csv file that includes the skills’ state after the diagnosis process (cf. Table 2).

Table 1. Example of a csv input file. The columns correspond to the domain’s skills and the rows
correspond to the students. The cells’ content is the student’s numerical score for the corresponding
skill. ‘NaN’ is used when a score is missing.

Students Skill_1 Skill_2 . . . Skill_n

Student_1 15 11 . . . 7
Student_2 11 NaN . . . 0

. . . . . . . . . . . . . . .
Student_n 5 7 . . . 12

Table 2. Example of a csv output file. The columns correspond to the domain’s skills and the rows
correspond to the students. The cells’ content is the skill’s state for the corresponding student.

Students Skill_1_State Skill_2_State . . . Skill_n_State

Student_1 acquired probably_acquired . . . not_aquired
Student_2 probably_acquired undefined . . . conflictual

. . . . . . . . . . . . . . .
Student_n not_aquired not_aquired . . . acquired
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5. System’s Evaluation

In the literature, several criteria have been suggested to evaluate the diagnosis ap-
proaches. One of the most widely used criteria is to assess the approach’s ability to correctly
predict the learner behavior based on inferred learner information. To do so, different mea-
sures can be used such as Prediction accuracy, Root mean square error, and Correlation [33].
In our evaluation, we assess the predictive power of Diag-Skills and its ability to represent
the current skills of a learner. To achieve this, we suggest using the prediction accuracy
measurement defined as follows:

Predictation accuracy =
Number o f correct predictions
Total number o f predictions

.

We conducted two studies at two different universities with a total of 86 participants.
The first one took place in 2020 at the Université de Technologie de Compiègne and
consisted of a remote assessment in Algorithmics. The second study took place in 2021 at
Université de Toulouse III and consisted of an in-situ assessment in user-interface design.

5.1. First Study

The first study was conducted at the Université de Technologie de Compiègne (UTC).
The participants were first-year students in computer science engineering. The purpose
was to evaluate Diag-Skills ability to predict the state of the students’ programming skills
based on prior evaluation results. To do so, we conducted this study with students who
were enrolled in programming and algorithmic course. The objective of this latter is to
give the students an introduction to algorithmic notions and teach them the basics of
programming. No prior knowledge or programming skills are required to enroll in this
course. This evaluation was conducted with close collaboration with the course instructor
who has been teaching this course for 15 years.

5.1.1. The Domain Model

First, we designed the domain model with includes the main programming skills that
are evaluated in this course. The ontology was constructed thanks to a close collaboration
with the instructor. In this study, we only used a snippet of this ontology. It consists
of eight classes that represent the main skills related to basic programming with tables.
These classes are linked with each other by the prerequisite (“is-prerequisite”) relationship.
Figure 5 shows the model snippet.
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The skills “Browse a table” and “Use of conditional instructions” are prerequisites of
the skill “Search an element in a table”; the skills “Use of iterative instructions” and “Use
of variables and data types” are prerequisites of the skill “Browse a table”; the skills “Use
of the for loop”, “Use of the while loop” and “Use of repeat-until loop” are prerequisites
of the skill “Use of iterative instructions”. Each skill can be in one of the following states:
acquired, not acquired, probably acquired, probably not acquired, undetermined, or conflictual.

5.1.2. Experiment’s Process

The students received detailed lectures and practical work sessions on each notion
related to the skills of the domain model. Then, they received a first test that consisted of
six exercises on iterative structures (the three types of loops). Below is one example of an
exercise that was given to the students in this test:

• “Write an algorithm that asks the user to enter 10 integers, then computes the number of
integers that are greater than 12”.

Three weeks later, they received a second test that contained two exercises to evaluate
the skills “Browse a table” and “Search an element in a table”. The respective content of
these exercises consisted of the following:

• “Write an algorithm that asks the user to enter 10 numbers in a table, then computes the sum
of these elements”;

• “Write an algorithm that prints the index of the first occurrence of the number 12 in a given
table. The algorithm prints nothing if the number 12 is not in the table”.

The instructor assessed the answers of each student and assigned a student’s score to
each skill. The purpose of this study was to evaluate Diag-Skills prediction accuracy of the
state of the skill “Search an element in a table”, based on the student’s results in the first
and the second test. Figure 6 details the diagnosis process.

The evaluation scores are compiled in a csv file. Then they are given as input to
the main function of Diag-Skills. First, this latter takes the evaluation score of the skill
“Use of iterative instructions”. This score is transformed to a belief distribution thanks
to the transformation function. Then, it is propagated to the skill “Browse a table” and
subsequently to the skill “Search an element in a table”. After that, Diag-Skills receives the
evaluation score of the skill “Browse a table” (from the second test) and achieves a belief
revision before performing a propagation. This propagated belief is merged with the belief
that the system has on the state of the skill “Search an element in a table” (derived from
the first test propagations). The merge’s result is translated to a state, and compared to
the actual skill’s state that was derived from the second test’s score. Table 3 shows the
confusion matrix that summarizes this comparison.

A total of 36 students participated in the first test, but only 26 of them attended the
second one. Thus, the prediction’s accuracy was calculated using the evaluations of the
students who attended both tests.

Table 3. Confusion matrix that summarizes the comparison between Diag-Skills’ predictions and the effective states of the
skill “Search an element in a table”.

Diag-Skills Predictions
Acquired Not Acquired Probably Acquired Probably Not Acquired

Effective Skill’s States

acquired 1 0 0 0
not acquired 0 0 2 0

probably acquired 0 0 19 0
probably not acquired 0 0 2 2
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Out of 26 predictions, 22 were correct, giving a prediction accuracy score of 84%. Since
10 students did not attend the second evaluation, we did not have the effective states of the
skill “Search an element in a table”. Thus, we asked the instructor to predict the skill’s state
for these 10 students and so for the four students for whom the prediction was incorrect.
Then, we compared the agreement between Diag-Skills and the instructor. We used for that
purpose the Kappa measure of agreement [34] defined as follows:

K =
Pr(a)− Pr(e)

1− Pr(e)
(14)

Pr(a) is the number of observed agreements between raters, and Pr(e) is the number
of agreements expected by chance. For a total of 14 predictions, the computed Kappa
value was 0.85, indicating an almost perfect agreement [35] between the diagnosis and the
instructor about the state of the skill “Search an element in a table”.



Appl. Sci. 2021, 11, 11326 14 of 17

5.2. Second Study

In the first study, to predict the state of the targeted skill, only a bottom-up propaga-
tion was needed. To complement this study, we conducted a second one at Université de
Toulouse III to evaluate the predictions based on both bottom-up and top-down propaga-
tions. This experiment involved 50 first-year students of the “Multimedia and Internet”
Bachelor. They were all enrolled in the “Usability and accessibility of interfaces” course.
One of the main objectives of the course is to teach students how to design prototypes of
user interfaces using Adobe XD. No prior designing experience is required.

5.2.1. The Domain Model

Again, thanks to a close collaboration with the course instructor, we constructed a
domain model that includes the main skills that are evaluated in this course. Figure 7
shows a snippet of this model.
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5.2.2. Experiment Process

The students received one lecture and one tutorial class on creating prototypes. They
also received exercises where they put in play all the domain’s skills. Then, they received
a test where all these skills should have been applied. The objective of this test was to
design a screen’s prototype containing an interactive navigation bar. The elements of this
navigation bar have to change their color when the cursor hovers over them. Then, when an
element is clicked on, it should send the user to the corresponding page. The expected final
result was exposed to the students before they began the test. They also had step-by-step
indications to achieve their tasks. Below are some examples of these indications:

• “Using the rectangle tool, add a left sidebar with a width of 350 px”;
• “Create a component containing a navigation text and a decorative side line. You will name it

“Menu_item”;
• “Add a hover state to your component and modify the component and its instances so that the

side line turns yellow when it is in a hover state”.

The instructor assessed each student’s production and attributed a score to each skill.
The purpose of this study was to evaluate Diag-Skills’ prediction of the state of the skill:
“Create interactive component’s states”. The prediction process is detailed below.
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First, Diag-Skills receives the evaluation score of the skill “Manipulate basic elements”.
This score is transformed to a mass distribution that is propagated recursively to the
prerequisites and the parent skills. Then, Diag-Skills receives the evaluation score of the
skill “Create main components and instances” and performs the same thing. After that,
Diag-skills receives the evaluation score of the skill “Create a basic and maintainable
prototype” and performs in particular a top-down propagation. At this stage, the final
mass distribution of the state “Create interactive component’s states” should have been
computed based on these propagations and the fusion function. This distribution is then
translated to a skill’s state in order to be compared to the effective skill’s state. Table 4
shows the confusion matrix that summarizes this comparison.

Out of 50 predictions, 46 were correct, giving a prediction accuracy score of 92%.

Table 4. Confusion matrix that summarizes the comparison between Diag-Skills’ predictions and the effective states of the
skill “Create interactive component’s states”.

Diag-Skills Predictions
Acquired Not Acquired Probably Acquired Probably Not Acquired

Effective Skill’s States

acquired 16 0 0 0
not acquired 0 6 2 0

probably acquired 0 0 12 0
probably not acquired 0 0 2 12

6. Discussion and Conclusions

As presented in the previous section, Diag-Skills showed a good prediction accuracy
in the two studies. We noticed a better precision when the predictions were based on
both top-down and bottom-up propagation (85% precision in the first experiment and 92%
precision in the second experiment). Furthermore, we investigated the prediction when
there were no effective evaluations to rely on by comparing Diag-Skills’ predictions with
the instructor’s predictions. We added to these the cases of the first experiment where
Diag-Skills failed to predict the correct state. The results showed that in this case, the
module would at least make the same predictions as the instructor, as the Kappa measure
showed an almost perfect agreement. This result suggests that Diag-Skills is capable of
replicating human diagnosis with a high level of agreement.

Moreover, when analyzing the incorrect predictions, we noticed that the predicted
state was always better than the effective one and never the opposite. This proves, to
some extent, that Diag-Skills manages to capture the slips and the cases when there is an
improvement in learning, but fails to predict the states when there is a major flaw in the skill.
This should be investigated by further evaluations. Nevertheless, we noticed that in the
second experiment, the mass distributions of incorrect predictions were all marked by some
degree of conflict. Indeed, the conflict’s belief m(c) was always greater than 0.2, indicating
the presence of conflict between beliefs coming from different propagations. However,
this amount of conflict was not great enough to consider that this state is conflictual. We
believe, even if this amount of conflict is not great enough, that this information should be
provided to the orchestration engine in order to warn it of a possible unexpected flaw in
the skill.

These results suggest that Diag-Skills’ approach is a promising method for the diagno-
sis of learners’ skills. In particular, we showed that is possible to represent all kinds of data
imperfection using a single formal framework and that is possible to highlight inconsis-
tencies when they are relevant using this same framework. This has direct implications
on the orchestration process in ITS as this information facilitates the identification of the
skills that require additional evaluations. At a second level, it also has implications on the
evaluation process in ITS, as this could indicate that the assessor (a computer system or
an instructor) may have made inconsistent assessments and that the evaluation process
should be revised.
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Aside from the contributions, we would like to highlight some limitations. First, at
this stage, the diagnosis relies on evaluation scores to determine the skills’ states. It also
depends to some extent on the number of previous evaluations. However, it does not
explicitly take into consideration the amount of time between two successive evaluations
nor the time between the course and the evaluation. Future work should address how this
parameter can be integrated into the revision process. Also, in the translation function,
we set the threshold beyond which a skill’s state is considered to be conflictual to 0.75
(similarly to other states). However, the experiments showed that in reality, the states
were conflictual even when the mass related to the conflict was much smaller than 0.75.
Further investigations should be conducted in order to clarify if this threshold should be
adjusted, and/or if the fusion with conflict should be revised. Finally, if Diag-Skills has
shown good results on an absolute basis, it remains necessary to compare it empirically
with other approaches.
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