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ABSTRACT Online learning platforms, such as Coursera, Edx, Udemy, etc., offer thousands of courses with
different content. These courses are often of discrete content. It leads the learner not to find a learning path
in a vast volume of courses and contents, especially when they have no experience in advance. Streamlining
the order of courses to create a well-defined learning path can help e-learners achieve their learning goals
effectively and systematically. The learners usually ask the necessary skills that they expect to earn (query).
The need is to develop a recommender system that can search for suitable learning paths. This study proposes
a multi-objective optimization model as a knowledge-based recommender. Our model can generate an
appropriate learning path for learners based on their background and job goals. The recommended studying
path satisfies several learner criteria, such as the critical learning path, number of enrollments, learning
duration, popularity, rating of previous learners, and cost. We have developed Metaheuristic algorithms
includes the Genetic Algorithm (GA) and Ant Colony Optimization Algorithm (ACO), to solve the proposed
model. Finally, we tested proposed methods with a dataset consisting of Coursera’s courses and Vietnam
work’s jobs. The test results show the effectiveness of the proposed method.

INDEX TERMS Learning path, Knowledge-based recommendation, Knowledge graph, multi-objective
optimization, compromise programming, genetic algorithm, ant colony optimization algorithm.

I. INTRODUCTION
A. RESEARCH CONTEXT
Currently, the speed of knowledge expansion is breakneck.
Therefore, learning styles also need to be adapted to increase
efficiency. Online learning andMassive OpenOnline Courses
(MOOCs) are revolutionizing education [1]. Many compa-
nies offered online studying platforms, such as Coursera,
Udemy, EdX, Udacity. They allow the course providers to
publish their online courses in many areas. It opens up
unprecedented learning opportunities for learners. However,
it is difficult for learners, especially those who are diffi-
cult to get experts advice, may not find a suitable learning
path among many different courses and content. Therefore,
the task is to advise learners in an appropriate direction
based on their aspirations about skills, nevertheless satisfying
learners’ available constraints. Selecting the right courses
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to compose a suitable learning path is a complicated task.
It requires considering the relationship between the courses
and the student preferences in recommendation model devel-
opment.

The recommender takes the required skills and knowledge
(learning outcomes or objectives) of the job(s) and existed
skills/knowledge of the learner as the input. It then searches
for the learning path, which is the set of courses and their
order in the path. The recommended learning path contains
at least learning outcomes matched to the job query as the
output. The learners need evaluations on their current pro-
ficiency by experts before the pathway counseling process.
After both, the starting point (current level) and the target
(expected level) have been determined, the system can create
a learning path thatmeets the student’s expectations, as shown
in Figure 1. For example, to work as a java web devel-
oper, learners need to know ‘‘object-oriented programming,’’
‘‘java programming language,’’ ‘‘Web design,’’ ‘‘java web
framework.’’ A roadmap consisting of dependent courses like
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FIGURE 1. Learning path recommendation system.

‘‘OOP with Java,’’ ‘‘Java Web application development’’ can
be consulted, and independent courses like ‘‘front-end web
development.’’

The learning path search problem involves the courses and
their dependencies, learner preferences, and recommendation
criteria to indicate the solutions. These signals tell the recom-
mender is in the forms of Knowledge-based Recommender
Systems [2]. It is not easy or suitable to apply traditional
recommender techniques such as content-based filtering or
collaborative filtering [3]. Fortunately, we can explicitly iden-
tify the good recommendation for the learning path due to a
clear understanding of affected criteria to the learner’s learn-
ing conditions. This research aims to build a recommender
engine as an optimization solver that can generate a suitable
learner route.

B. PREVIOUS RESEARCHES
Many researchers are working to build a learning path con-
sulting system for online learning. They came up with many
different strategies, but they can be categorized into two
groups: (1) data mining-based techniques and (2) knowledge
graphs. Based on data mining, the researchers often seek
to detect similarity points between factors in the system,
such as learner or material, to make recommendations. These
recommendations can be a learning path or a solution to
improve learning efficiency. Wong and Looi [4] introduced
an ant-colony algorithm to find a learning path for the learner.
They compute the similarity levels between individual alumni
and the current learner to make recommendations for the
target learner. Hsieh and Wang [5] introduced an e-learning
System that can create a relationship hierarchy of learn-
ing materials to create a learning path using data mining.
Jugo et al. [6]. developed an Intelligent Tutoring System
with four core modules for learning path recommendation.
It allows users to interact with the system without using

FIGURE 2. Example of knowledge graph.

Data Mining interfaces. Tam et al. [7]. introduced a learning
path recommendation system based on concept clustering
and heuristic-based search algorithm. Chen [8] constructs a
personalized e-learning system that can generate appropriate
learning paths by mining the individual learner’s pretest and
learning performance data. Tang and McCalla [9]. used the
Nearest-Neighbor search to recommend the papers for users.
Hsu [10] uses content-based filtering, collaborative filtering,
and data mining techniques to analyze the students’ reading
data for recommending the reading lessons. Many studies use
data mining, ignoring the relationships between the courses,
people and learning paths, and other learners’ interested cri-
teria. This leads the generated recommendations are often
redundant or sometimes unrelated to the needs of the learners.

Besides the datamining–based approach, another approach
uses knowledge graphs for applying these dependencies to the
learning path recommendation model. The knowledge graph
can be formed by the learning outcomes from the curriculum
as shown in Figure 2. This method pays more attention to
the dependence on learners’ level/perception. It can come up
with solutions closer to learners. The learning path consulting
process is like a decision-making process when the learners
are decision-makers with their concerns. Kurilovas et al. [11].
recommend the learning path by the sequences of learning
objects according to learners’ preferences including their pre-
requisite knowledge level, learning path, learning object, and
learning style. The proposed method is sufficient to search
for the learning paths. However, their research does not treat
the recommender as a decision-making process with many
considerations from the decision-makers, here the learners.
Wan and Niu [12]. created a recommender for learning paths
based on the graph where its vertex is knowledge units.
Shmelev et al. [13]. represent the learning path as the learning
outcomes sequence, using a genetic algorithm to generate
the paths. Zhu et al. [14]. introduced a multi-objective opti-
mization (MOP) for learning path recommendations where
they have used linear Scalarizing to approach the MOP. They
take into account many goals to construct the recommended
learning path. However, these objectives are not to fully cover
the different aspects surroundingMOOCs such as cost, rating
of community, and popularity in recent. Shi et al. [15]. devel-
oped a recommendation model based on a multidimensional
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knowledge graph where nodes in the same dimension repre-
sented by inner-class relationships. Intra-class relationships
connect these dimensions. In comparison to previous studies,
the authors added a hierarchical structure in the interdepen-
dence of learning outcomes. However, their search problem
did not involve the relationships between learning outcomes
and courses, which will expand the search space.

The use of knowledge graphs allows thorough matching
of knowledge required with the learning path. However,
the proposed models are built on aspects that are not in
line with the MOOC Courses advisory context. Learners
who study with MOOC have several concerns, such as crit-
ical path, learning effort, and cost. The advisory systems
merely indicate the skills to be acquired, but the guide to
approaching these skills not included in the recommenda-
tion package. Previous learner assessments also played an
important role in assigning the course to the learning path.
Each learner has different learning needs. Hence providing
a useful decision-making tool that allows them to consider
various options when finding a suitable learning path in both
cases that learners may/may not indicate their preferences is
also not adequately considered. Based on summarizing the
previous study, we construct a multi-objective model as a
knowledge graph-based recommender model for MOOC’s
learning path.

The learning path recommendation is classified as both
combinatorial optimization and NP-Hard problem [16]. It is
not easy to use an exact algorithm to solve the problem, but
metaheuristic algorithms [17]. For example, Zhu et al. [14].
designed a Genetic Algorithm to solve multi-criteria opti-
mization for proposed recommender. Zhao et al. [18].
developed an Ant Colony Optimization Algorithm for Rec-
ommendation of Micro-Learning Path. Due to the different
objectives and constraints of the proposed model. It is no
possibility of applying the existing algorithms to our problem
directly. Therefore, we design the new schemes of Meta-
heuristic to construct the recommender. We also implement
algorithms to perform parallel computations on multiple pro-
cessing cores.

C. CONTRIBUTIONS
In this study, we present an approach to construct a learn-
ing path recommendation system at MOOC. This recom-
mender is essentially a multi-objective optimization model.
The model works based on the knowledge graph to show
the linkages between learning outcomes and course depen-
dencies in model designing. We use a combination of linear
scalarizing approach and compromise programming for the
proposedMOP. It allows the consultation process to become a
decision-making process. The learner is a decision-maker and
can express his or her preferences on different goals by defin-
ing the weights to determine the objectives’ impacts via the
distance function. The objective functions (including learning
critical path, learning effort, average rating by the community,
the recent number of enrollments, cost) are built around the
purpose of recommending appropriate MOOC courses for

learners according to different learning scenarios, instead of
drawing the graph of needed learning outcomes.We designed
a Genetic Algorithm and Ant Colony Optimization algorithm
to solve the proposed model. We use data collected from
Coursera to evaluate our algorithm.

This study benefits researchers and engineers to develop
a better advisory system for studying at MOOC. When the
research results are widely deployed, it is possible to improve
learners’ learning abilities and opportunities. Play a role in
promoting the quality of human resources in society. The rest
of this paper is organized as follows. The proposed model
and algorithm are respectively described in Sections 2 and 3.
To evaluate the proposed approach, we display the experi-
ments and discussion in Section 4. Finally, section 5 offers
a conclusion.

II. PROPOSED RECOMMENDATION MODEL
A. MULTI-OBJECTIVE OPTIMIZATION MODEL
To determine the goals, learners need to specify the jobs they
want to achieve. Each job has been tagged with required
learning outcomes—each course matched with learning out-
comes that it provides to learners and other decision criteria
when completing. The recommendation model can be formu-
lated as:

We denote C as the number of available courses.
S is the number of available learning outcomes.
P represents the set of predefined jobs (user can choose one

or more jobs).
B is the budget of the user.
R = {rp,s|rp,s{∈ 0, 1}, p = 1 . . .P, s = 1 . . . S} is a matrix

to represent the required learning outcomes of the jobs, where
rp,s = 1 means the learning outcome sth required by the job
pth and rp,s = 0 otherwise.
O = {op|op ∈ {0, 1} , p = 1 . . .P} is a vector that

represents the registered jobs of the user, where op = 1 if
the learner register for job pth and op = 0 otherwise.
V = {vs|vs ∈ {0, 1}, s = 1 . . . S} defines a vector that

illustrate the learning outcomes that the user achieved before
the learning process, where vs = 1 means the user already
gained learning outcome sth and vs = 0 otherwise.
L = {lc,s|lc,s ∈ {0, 1} , c = 1 . . .C, s = 1 . . . S} describes

the adjacency matrix, where lc,s = 1 determines that course
cth provide learning outcome sth and lc,s = 0 otherwise.
H = {hc|hc ∈ R+, c = 1 . . .C} where hc denotes the

averaging rating of the community on the course cth.
Q = {qc|qc ∈ N+, c = 1 . . .C} where qc is the number of

recent number of enrollment of course cth.
P = {pc| ∈ R+, c = 1 . . .C} where pc is price of course

cth.
Z = {zi,j|zi,j = {0, 1} , , i = 1 . . .C, j = 1 . . .C}

is adjacency matrix to present the knowledge graph, where
zi,j = 1 indicates that learning outcome ith must be archived
before learning outcome jth and zi,j = 0 means they have no
dependency.
K = {kc|kc ∈ N+, c = 1 . . .C} is the advertised duration

to complete course cth.
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Denote X as the decision variables to represent a adjacency
matrix of a directed graph for the recommended learning path.
Where X =

{
xi,j | xi,j ∈ {0, 1} , i = 1 . . .C, j = 1 . . .C

}
with

xi,j = 1 shows that course ith starts before course jth and
xi,j = 0 means they have no dependency.
D is the set of vertexes of the graph represented by X .

In other words, D presents the set of course that recommend
to user. D = {dc|dc ∈ {0, 1} , c = 1 . . .C} where dc = 1
if course cth is a vertex of graph represented by X , dc = 0
otherwise.
T = {tcompletec |tcompletec ∈ N+, c = 1 . . .C, } presents the

actual time user complete the courses with tcompletec denotes
the time when the learner complete course cth.

tcompletec =

{
−1 if dc = 0

tcompletec ≥ 0 otherwise

The objective functions declared as follows:
• Minimizing the critical learning path for the learners
who need to complete the learning path in the shortest
time. This is targeted to the expectation of learners who
need the achievements urgently.

minimizef1 (X)
= max

c=1...c

((
1−min

(
1,

C∑
d=1

xc,d

)
∗ dc

)
∗ tcompletec

)
• Minimize the learning time. This aim to save total the
effort of studying.

minimize(f2 (X) =
C∑
c=1

dc ∗ kc)

• Course with higher ratings have a higher chance of
being recommended. Community assessment is one of
the essential criteria to determine course quality.

maximize

(
f3 (X) =

∑C
c=1 dc ∗ hc∑C
c=1 dc

)
• Courses with a higher number of recent enrollments
have a higher chance of being recommended. The course
has many students demonstrating it as a quality course.
However, to avoid the domination of courses that appear
first in the search process. We only consider the number
of enrolments within a defined period.

maximize

(
f4 (X) =

∑C
c=1 dc ∗ qc∑C
c=1 dc

)
• The learning path consists of lower-cost courses that are
gotten a higher chance of being recommended.

minimize

(
f5 (X) =

C∑
c=1

dc ∗ pc

)
The recommended learning path must satisfy the below con-
straints:

• Courses must be organized according to the dependen-
cies of the learning outcomes defined in the knowl-
edge graph. One cannot enter the course contains entry
requirements that he/she does not archive in the com-
pleted courses.

aci ≥ e
c
i ∀i = 1 . . . S, c = 1 . . .C (CO1)

where:

ac = {aci |a
c
i ∈ {0, 1} , i = 1 . . . S}

ec = {eci |e
c
i ∈ {0, 1} , i = 1 . . . S}

li is vector row ith of the matrix L.
zi is vector column ith of matrix Z .
xi is vector column ith of matrix X .

ec = combine
i=1...s

(Elc, Ezi)

ac = combine( combine
d=1...c,d 6=c

( Eld ),V )

where C = combine(A,B) iff |A| = |B| = |C| and
Ci = max (Ai,Bi)∀i = 1 . . . |C|

• The qualifications of the registered job must be met.
After the recommended courses are completed, all of the
learning outcomes to satisfy the query must be reached.

rp,s ≤ max
(
max
c=1...c

(
dc ∗ lc,s

)
, vs

)
∀p = 1..P, s = 1 . . . S (CO2)

• The total cost for the courses should not exceed the
budget.
C∑
c=1

dc ∗ pc ≤ B (CO3)

B. APPROACHES TO MOP
There are two major approaches to the multi-objective prob-
lem [19], no-preference, and preference. One says that there
is never one best approach to all types of multi-objective
mathematical programming problems [20]. In this section,
we present the approach we use to take the problem of
single-objective optimization problem.

1) COMPROMISE PROGRAMMING
Compromise programming is a well-known non- preference
approach for MOP. It works based on an assumption that no
decision-maker exists. Instead of asking the decision-maker
to assign a priority to each goal, an expectation point is
chosen [20]. The mission of the model now is to find the
solutions closest to this expected point. We have been success
used compromise programming for our MOP in the team
selection problem [21] and task assignment problem [22].
For the considered problem compromise programming is
described as follows.
E = {Ei|i= 1..5} denotes the expected point. Where:

Ei = 0 ∀i = 1, 2, 5
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E3 =
∑C

c=1
hc

E4 =
∑C

c=1
qc

O = {Oi|i = 1..5} denotes the actual solution. Where:

Oi = fi (X) ∀i = 1 . . . 5

The objective functions can be rewritten as:

minimize (distance (E,O)) =

√√√√ 5∑
i=1

(Ei − Oi)2

2) LINEAR SCALARIZING
Compromise programming can be seen as an equally impor-
tant goal. However, in this situation, the learners completely
determine the preference for each of their goals. So we use
linear scalarizing a preference-based method to transform the
problem on a single-objective problem, which is similar to
Zhu et al. [14]. The objective functions can be reformulated
as follows:

minimize

(
5∑
i=1

(wi ∗ fi (X))

)
where wi ∈ R+ is the weight parameter of the objective ith.

To reuse the good characteristic of both methods. The
weight parameters are added to the dimension of decision
space in compromise programming instead of parameterizing
the objective function [23]. The distance function’s size is
influenced by spatial dimensions, to be manipulated by the
weights of each dimension:

minimize (obj = (distance (E,O)))

=

√√√√ 5∑
i=1

wi ∗ norm (Ei − Oi)2

wi ∈ R+ now is the weighted parameter of the dimension
ith in the distance function. norm denotes the normalization
function that used to rearrange the values of the dimensions
to the same range.

III. PROPOSED ALGORITHMS
A. GENETIC ALGORITHM
Evolutionary algorithms (EA) are widely used as stochastic
methods [24]. The genetic algorithm (GA) is one of the most
popular in the EA family due to its speed and efficiency.
The algorithm mimics natural selection, in which the fittest
individuals are chosen for reproduction to produce the next
generation’s offspring. Here an individual represents a poten-
tial solution to the problem. The flow of the proposal is shown
in Figure 3.

The f1 (X) aims to minimize the learning critical path.
This is the form of the makespan problem [25]. There are
many solutions to this problem, but the simplest one is to
consider learning path X as a graph. The two fakes nodes
added are Head and Tail (the last node) with a duration equal

FIGURE 3. The flow of proposed Genetic algorithm.

to 0. The problem transformed to single start and ended
problem. Finally, the critical path/makespan is computed by
any traverse method such as Breadth First Search (BFS).

The genetic algorithm’s scheme can be described as fol-
lows:

• β denotes the number of generations to stop the algo-
rithm.

• £ is the population size (number of individuals in the
same population).

• δ stands as the mutation rate.
• θ (g) =

{
θ
(g)
1 , θ

(g)
2 , . . . ,θ

(g)
£

}
denotes the population with

£ individuals at gth generation.
Where θ (g)i = {θ

(g)
i,1 , θ

(g)
i,2 , . . . , θ

(g)
i,C } is an individual of

the population at gth generation. The element θ (g)i,index =

{0, 1, . . . ,C} ∀index = 1 . . .C .
The index represents the order of course that appeared in
the learning path. The course index-th is only considered
to learn after courses that appear in front of it in θ (g)i , only
if it contains any dependent learning outcomes to these
courses. 0 indicates that there is no course delivered at
the slot. If the learning path contains ϑ courses, we have:

θ
(g)
i,index =

{
i ∈ {1 . . .C} if index ≤ ϑ
0 otherwise.

• ls is the row sth of L.
• λ is selection rate.s
• η is the exchange rate of gens between θ (g)i and θ (g)j
• rs is the column sth of R

• is Respect (i) =
{
1 if COiisvalid
0 otherwise

∀i = 1 . . . 3

• dumpi = 1 ∀i = 1 . . . 5

• θ
(g)
i .fitness =

√∑5
i=1 wi ∗

(
Ei−Oi
dumpi

)2
• g = 1 is the current generation.
• w is rate of elites of the population.

The algorithm contains 6 steps:

1. Initialize the first population
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1.1. Randomly generate θ (1)i ∀i = 1 . . . £

θ
(1)
i,j = rand

(
ls,j, vs, rs

)
∀j = 1 . . .C

where: r and
(
ls,j, vs, rs

)
randomly returns a course.

rand
(
ls,j, vs, rs

)
=



j ∈ (1 . . .C) randomly.

if vs = 0 ∧

(
P∑
p=1

rs,p = 1

)
∧ is Respect (1) = 1
0 otherwise

2. Selection.
2.1 keep λ ∗ £ individual that return the best fitness for

next-generation.
2.2 bg = min

i=1...£
D(g)
i .fitness

2.3 dumpi = Ei − Oi if g = 1∀i = 1 . . . 5
3. Crossover. Create £ ∗ (1− λ) remaining individuals for

the next generation. The following steps repeated until
population at generation (g+ 1)th fully constructed.

3.1 Rearrange θ (g) in descending θ (g)i .fitness order.
3.2 Declare Elite as the set contains top £∗w items of θ (g).

Randomly choose θ (g)father , θ
(g)
mother from Elite.

3.3 Update θ
(g)
father , θ

(g)
mother by a rate, denoted as ran.

Where: ran = rand([0, 1]) return a random proba-
bility.

3.3.1 If (ran ≤ η) Randomly exchange a gen with value
1 of θ (g)father and θ

(g)
mother to each other to create two

new individuals for the next generation.
3.3.2 If (η < ran ≤ δ) perform mutation on θ (g)father or

θ
(g)
mother (Described in step 5) to create two new
individuals for the next generation.

3.3.3 Otherwise consider θ (g)father and θ
(g)
mother as two new

individuals for the next generation.
3.3.4 Repair new created individuals. The Repair pro-

cess described in step 4.
4. Repair: this phase take an individual ξ as the input.

It contains 3 stages:
4.1 Rearrange: ξ to isValid(1) = 1.
4.2 Fix: generates new genes of ξ to

∑3
i=1 isValid(i) = 3.

If there is not possible to fix ξ (no solution) then
ξ = 0. Remove ξ from its population.

4.3 Refine: Remove redundancies of the individual ξ .
5. Mutation: takes an individual ξ as input.
5.1 Randomly exchange a selected course in ξ with its

most similar course based on learning outcome they
provide.

5.2 Repair ξ .
6. Repeat 2, 3, and 4,5 and set g = g+1 until bg = bg−1 =
. . . = bg−β .

FIGURE 4. The flow of proposed Ant Colony Optimization algorithm.

B. ANT COLONY OPTIMIZATION ALGORITHM
The ant colony optimization algorithm is a technique to
solve optimization problems. Using the multi-agent popula-
tion (artificial ants) can find the right paths on the graphs.
Here, the ants are inspired by the behavior of real ants. They
communicate with each other using the pheromone [26]. The
basic flow of the ACO is illustrated in Figure 4.
1. Initial LOs goal:
1.1 Let G = {gs ∈ {0, 1} , s = 1 . . . S} is a matrix to

present the learning outcomes user need to archive
1.2 Update gs = 1 with the learning outcomes rp,s = 1

that the registered jobs of user op = 1 required
1.3 Update gi = 1 with the learning outcomes {i} must

be archived before learning outcome gj = 1 in
knowledge graph zi,j = 1

1.4 Repeat 1.3 until every learning outcomes gs = 1
required are in G

1.5 Remove learning outcomes user archived before

learning gs =
{
1 if vs = 0 and gs = 1
0 otherwise

2. Generate the ant colony and initial cost matrix and
pheromones matrix:

2.1 Let A = {am,c ∈ N,m = 1 . . .M , c = 1 . . .C} is
a matrix of learned course each ant, where am,c ≥ 1
mean course cth is the athm,c course thatm

th ant learned
and am,c = 0 otherwise

2.2 Let Fitness = {fitnessm ∈ R+,m = 1 . . .M} is a
matrix to present fitness values of each ant

2.3 Let Cost = {costc =
√∑5

i=1 (Ei − fi(C))
2, i =

1 . . . 5, c = 1 . . .C} is a matrix to present cost of an
ant to learn cth course

2.4 Let Ph =
{
phi,j ∈ R+, i = 1 . . .C, j = 1 . . .C

}
is a

matrix to present density of pheromone on trial i→
j if i 6= j and nest → j if i = j, default will be
phi,j = 0.1

3. Update trail and compute fitness for ant am:
3.1 Let GX = G is a matrix to present the learning

outcomes the ant need to archieve left
3.2 Let LOH = {lohs ∈ {0, 1} , s = 1 . . . S} is a matrix

to present the learning outcomes ant currently have
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3.3 LetCR = {crc ∈ {0, 1} , c = 1 . . .C} is an adjacency
matrix of recommend courses to ant’s current course
c′th, with crc = 1 if LOH satified learning outcome
of course cth

3.4 Calculate probability of each course

crc = 1 : probc =
phαc′,c ∗

1
costc

β∑
cr i=1

(phαc′,i ∗
1

cost i

β
)

3.5 Random rd ∈ [0, 1) to choose course crc = 1 with
cumulative distribution and update gx j = 0, lohj =
1, am,c = 1 if course cth provide learning outcome jth

3.6 Repeat 3.3 until gxs = 0∀s = 1 . . . S
3.7 Remove unnecessary courses from trail am
3.8 Compute fitness of trail

am : fitnessm =

√∑5

i=1
wi ∗

(
Ei − Oi
dumpi

)2

4. Compute dump value with ant mth,fitnessm =

min(Fitness): dumpi = Ei − f (am)i∀i = 1 . . . 5
5. Repeat these step until fitness converge:
5.1 Recreate matrix A and repeat 3
5.2 Decrease pheromones on every trail phi,j = (1− ρ)∗

phi,j∀i, j = 1 . . .C

5.3 Let INC =

{
incm =

Q
fitnessm

,m = 1 . . .M
}

is a
matrix to present the increased amount of pheromone
by mth ant

5.4 Increase pheromones on trails i → j for mth ant
phi,j = phi,j + incm∀m = 1 . . .M ,∀i, j = 1 . . .C
if am,i + 1 = am,j&i, j > 0.

C. PARALLEL SETTING FOR PROPOSED ALGORITHMS
Parallel processing is the most effective choice for tackling
costly computations in MOP, especially with the cost reduc-
tion of high-speed multi-core processors [27]. To set the
parallel running for both algorithms. We re-implement the
computation of the particular agents that run on independent
processing cores. The computations of each agent are consid-
ered tasks. Tasks are stored in a queue. Processes de-queue
elements to process until the queue is empty. Most agents are
doing the heaviest computation. Some other tasks need to be
performed sequentially because it has to wait for all agents to
finish before synthesizing information. The expected compu-
tation speed is a linear decrease in proportion to the number
of cores used. The parallel setting for GA can be implemented
by using different cores for each individual’s genes selection
process. The parallel setting for ACO is implemented by
adding the asynchronous context to the exploration of the
individual ant. The detail of these parallel schemes shown in
Appendix A and B.

IV. EXPERIMENTS
A. EXPERIMENTAL DESIGN
To conduct experiments to evaluate the proposed model and
algorithm. We crawled data of more than 169 courses from

TABLE 1. System configuration for experiments.

FIGURE 5. Learning outcomes required by the job ‘‘Junior Web Dev
(Laravel or Nodejs)’’.

Coursera. We can gather the average rating for the dataset
by a web crawler. The older courses that have been pub-
lished for a long time can dominate the latest with a large
number of enrollments. We re-crawl the data after 30 days
to count the number of registrations over a recent period.
Identifying about 342 learning outcomes and the relationship
between them is arduous work. The reason is we didn’t have
an efficient mining tool to collect these data automatically.
Therefore, all of the learning outcomes are determined and
adjusted manually from the syllabus, course description, and
course tags.

The topics of collected courses revolve around the field of
software engineering. We collect 18 job calls related to soft-
ware engineering, such as business analysis, back-end Java
engineer, project manager, and the most famous recruitment
portal in Vietnam. The Job descriptions list the required skills.
However, we also need to match these requirements with the
learning outcomes archived manually. The entire e-learner is
assumed to be without any initial knowledge. We use this
data in the parameters selection section and leave the weights
for the objective functions equal. To test the model with
different weights of the criteria according to decision-maker
preferences, we clone 12 courses with better value for specific
objectives. This is due to a lack of data collection. The courses
that we have gathered are not diverse according to the criteria.
Both GA and ACO are implemented in the computer with
detailed configuration as shown in Table 1. We evaluated
both of the proposed algorithms on the tested dataset.

B. RESULTS
A series of parameters govern both GA and ACO. We exe-
cute the algorithm several times with the collected dataset
to indicate the best set of parameters shown in Table 2.
Part A of the table displays the parameters to run the GA.
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FIGURE 6. Outputs of 15 executions of GA and ACO. a) Objective values generated by different mode of GA and ACO. b) Execution time to complete
the execution of different mode GA and ACO. c) Fitness values at the last generation of GA. d) Fitness values at the last loop of ACO. e,f,g,h,i)
illustrates the objective values returned by f1, f2, f3, f4, f5 to corresponding execution.

TABLE 2. Parameters to execute the algorithms.

The remaining part illustrates the parameters of the ACO.
Meta-heuristic algorithms do not guarantee to find the opti-
mal solution with different initialization values. Therefore,
we run the algorithm 15 times with other initial solutions
to find a learning path to archive the job of ‘‘Junior Web
Dev (Laravel or Nodejs)’’ for a newbie. Figure 5 shows the
required LO in the knowledge-graph of the tested job. It has
been chosen to illustrate algorithms’ results because there are
a few paths to meet the required learning outcomes.

The outputs of both algorithms over 15 executions for
the selected job are shown in Figure 6. Both algorithms

are designed to prioritize the search for courses that con-
tain more learning outcomes related to queries. It can be
observed that the fitness values of both algorithms do not
change much over different executions. The objectives val-
ues (with norm(x) = x) brought between the runs of GA are
equivalent to ACO. ACO finds better critical paths (f1 values)
and less learning effort (f2 values) than GA, while the other
indicators are similar. f5 values are exactly the same because
the collected courses are charged 45$ per month. These
results show the stability of the algorithms on the selected
sets of parameters.

The processing time of ACO (average of 361.8667 sec-
onds) is 6.68 times slower than that of GA (average
of 54.86667 seconds). The computation speed is improved
significantly when using 6 processing cores for both algo-
rithms. The computation speed increases rapidly while main-
taining the solutions’ quality. The parallel mode’s execution
time of the algorithms are improved according to the num-
ber of cores used, as shown in Figure 7. The graph is not
linear because of several steps of 2 algorithms implemented
synchronization.

Figure 8 illustrates the change (ability to converge) of
Fitness values across the loops to both GA and ACO.We can-
celed the stop condition of the algorithms so the algorithm
can run up to 200 loops. It can be seen that GA archives its
best solution after 75 loops. ACO takes 165 loops to gain the
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FIGURE 7. The processing speed of the proposed algorithm improves
proportionally with the number of processing cores used.

FIGURE 8. Fitness values generated by GA and ACO over generations.

solution. The convergence of both algorithms can be similar
(slope of the graph than GA. This leads to its slower execution
time. We do not directly compare the values of these two
target values. Because even though they use the same norm
function mechanism. The dumpi values obtained from the
first loop of each algorithm are different. Therefore, the scale
of the fitness values is also different. These ranges even vary
on different runs.

We illustrate two generated learning paths by GA and ACO
graphically in Figure 9. The start and end nodes are two arti-
ficial courses used to transform the graph into a tree (single
rood and single leaf), as mentioned in this paper discussing
the critical path computation.

The results of the algorithms vary with each goal to be
achieved. We conduct an algorithmic evaluation of 18 jobs
as the query. Their results are shown in Table 3 and Table 4

FIGURE 9. A) learning path generated by GA. B) learning path generated
by ACO.

(The algorithms are executed in parallel mode). For most
of the jobs that contain a single path to be archived, both
algorithms provide the same solutions. However, GA was
slightly better than ACO when dealing with jobs that exist
more than one path. GA has absolute dominance in terms
of processing time. The comparison of objective values and
execution time between both algorithms in different modes
shown in Figure 10. It seems that GA’s approach of discovery
is similar to the tracking possible agent paths in ACO for
the tested dataset. When a query contains more than one job,
it also means that the search space increases rapidly. We com-
bine jobs to do queries that test both proposed algorithms in
different modes. Tables 5 shows the two algorithms’ results
when dealing with a query containing 2 to 18 jobs using
parallel mode. ACO and GA give a similar quality of the
solutions when the query’s complexity increases. Although
both algorithms having the same mechanism towards courses
covering the most LOs tend to be recommended. It leads to
GA gives similar objective values to ACO in most cases. The
processing time of GA is overwhelming compared to ACO.

This gap is even greater with more complex queries as
shown in Table 5.

To check if the two algorithms can obtain an optimal
solution when the search space is small. We run the test
on a smaller dataset. It includes 40 courses adapted for the
query of ‘‘Junior Web Dev (Laravel or Nodejs).’’ We com-
pare both GA, ACO with a brute force algorithm installa-
tion. Table 6 illustrates the results of both implementations.
The proposed GA and ACO also got an optimal solution.
Meantime, the time execution was much better than the
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TABLE 3. Outputs of GA for corresponding jobs.

FIGURE 10. Comparison of proposed algorithms outputs on different query. A) Objective value, B) Processing time.

Exhaustive search. All algorithms are executed in parallel
mode.

Decision-makers can customize the results according to
their preferences by changing the distance function’s dimen-
sions’ weight parameters. Table 7 shows the different val-
ues of objective functions according to the different sets of

parameters. The order of the parameters is listed in the order
of objective functions defined in section 3. The order of
the parameters is listed in the order of objective functions
defined in section 3. The range of values of the values in the
5 dimensions of space for decision making is different. So if
using a weighted value that is too small does not make a dif-
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TABLE 4. Outputs of ACO for corresponding jobs.

FIGURE 11. Single-objective values changed over loops of the GA and ACO.

ference. The available learning paths are suitable for testing
the ‘‘Python for Data Science’’ job. We added some similar
data to the original data. The additional data have similar
LOs to some available courses in the recommended learning
paths. Still, different values for each property to illustrate how
changing the weight affect the algorithm’s results.

We change the proposed objective function by these orig-
inal functions. We can identify the Pareto points to compare
with archiving solutions from the proposed approach. Fig-
ure 11 illustrates the solutions archived from 2 algorithms

through each of the original target functions. Our imple-
mented GA showed superiority when the last generation’s
results were equal to or better than ACO implementation.

Compared with previous studies, our model is complete
and more applicable for MOOC [14], [15]. Out problem
requires the mapping from learning outcome to courses
increases the problem’s difficulty by one level compared to
the previously proposed models. We consider more user’s
demands. Our mathematical model is a more detailed guide-
line to set up in different optimization solvers.
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TABLE 5. Outputs of algorithms for complex queries contains multiple jobs.

V. CONCLUSION
This study developed a multi-objective optimization model
as a knowledge-based recommender for MOOC’s learning

path. The model is generic for learning paths and can be
applied in any online learning framework compared to other
proposed methods. It allows decision-maker to assign their
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TABLE 6. Obtained results after executing proposed algorithms and
exhaustive search algorithm.

TABLE 7. Different set of parameters and corresponding objective values.

preferences to achieve different goals of the recommended
path. The model operates based on the knowledge-graph
and offers recommendations close to the user’s goal, but
the knowledge- graph has not been easily constructed. The
indicating of learning outcome inter-dependencies is only
favorable in the course of course development. In the context
of so many courses developed, there is a need to effectively
explore the learning outcomes being stored in complex struc-
tures. This can be done manually, but it certainly costs a
lot. Several researchers are looking to explore the depen-
dency of learning content in e-learning systems. Pan et al.
introduced the graph-based propagation algorithm to retrieve
the prerequisite relation between knowledge concepts [28].
Liu et al. propose an approach to concept graph learning from
different providers [29]. Cheng et al. developed a system to
construct the graph of knowledge based on deep learning
techniques [30].

We also develop versions of the GA and ACO. They
allow us to effectively solve the problem to provide the
runtime response for a single request. The experiments’
results show the propose d algorithm’s efficiency with test-
data, where GA gained a slightly better result than the
ACO. However, we need to test other research directions
to improve the quality of the proposed algorithms. Some

TABLE 8. Parallel scheme of GA.

TABLE 9. Parallel scheme of ACO.

potential research directions include but are not limited to
Chaotic Random Spare ACO [31], another EA approach
like Evolutionary biogeography-based [32], hybrid method
for EA [33]. Our future work is also to build a model that
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allows the personalization of learners’ learning paths based
on demand and similarity among learners, user feedback, etc.
Although the main objectives were not attached to the career
of the learning path recommendation at MOOC problem,
Shi et al. used more demographic info to support the quality
of recommendation, which is also an exciting research direc-
tion [15]. Today, many parallel computing applications use
the GPU for computation instead of CPU, like what they are
doing. We plan to develop the algorithm to run on GPU to
archive the maximum speed improvement [34].

APPENDIX
See Tables 8 and 9.
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