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Abstract: To solve the problems of slow convergence and low accuracy when the traditional ant
colony optimization (ACO) algorithm is applied to online learning path recommendation problems,
this study proposes an online personalized learning path recommendation model (OPLPRM) based
on the saltatory evolution ant colony optimization (SEACO) algorithm to achieve fast, accurate,
real-time interactive and high-quality learning path recommendations. Consequently, an online
personalized learning path optimization model with a time window was constructed first. This
model not only considers the learning order of the recommended learning resources, but also further
takes the review behavior pattern of learners into consideration, which improves the quality of
the learning path recommendation. Then, this study constructed a SEACO algorithm suitable
for online personalized learning path recommendation, from the perspective of optimal learning
path prediction, which predicts path pheromone evolution by mining historical data, injecting the
domain knowledge of learning path prediction that can achieve best learning effects extracted from
domain experts and reducing invalid search, thus improving the speed and accuracy of learning
path optimization. A simulation experiment was carried out on the proposed online personalized
learning path recommendation model by using the real leaner learning behavior data set from the
British “Open University” platform. The results illustrate that the performance of the proposed online
personalized learning path recommendation model, based on the SEACO algorithm for improving the
optimization speed and accuracy of the learning path, is better than traditional ACO algorithm, and
it can quickly and accurately recommend the most suitable learning path according to the changing
needs of learners in a limited time.

Keywords: saltatory evolution ant colony optimization algorithm; personalized learning; learning
path recommendation; domain knowledge mining

MSC: 05C30

1. Introduction

With the accelerated development of online education, the ever-increasing amount of
online learning resources has led to the problem of “information overload” and “learning
lost” for learners, and it has become a difficult task to select appropriate and high-quality
learning resources and plan an efficient online learning path. At the same time, the homo-
geneous learning resource recommendation methods of existing online learning platforms
cannot meet the growing personalized learning needs of learners. Therefore, in order to
improve the effectiveness of online learning and optimize the learning experience, online
learning platforms need to provide personalized learning support services for learners. At
present, personalized learning resources recommendations and personalized learning path
recommendations are the main research contents of online personalized learning support
services [1]. Compared with personalized learning resource recommendations, online
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personalized learning path recommendations can not only help learners find suitable learn-
ing resources quickly by mining learning behavior data, but also recommend an effective
learning order of learning resources for learners.

This data-driven online personalized learning path recommendation is beneficial to
compensate for the limited support from teachers in the online learning environment and
help learners achieve their learning goals efficiently. Firstly, personalized learning path
recommendations provide learners with appropriate learning resources in a structured
form, and show them the learning path to achieve their learning goals, so that learners can
have a clear grasp of the entire learning process and are less intimidated psychologically.
Secondly, personalized learning path recommendations can support learners to see the key
learning contents clearly and definitely, and allocate learning time reasonably, improving
learning efficiency. Third, in the process of guiding learners to accomplish their learning
goals, personalized learning path recommendations can also play a role in monitoring and
reminding users of their learning progress, optimizing the learning experience. However,
most existing studies on learning path recommendation only focus on the applicability
of learning path recommendation results, ignoring the interactivity of learning and the
dynamic agility of recommendations [2]. Meanwhile, there is still a need for further
exploration in improving the recommendation quality of online personalized learning
paths through the mining of effective learning behavior patterns [3].

In order to make up for the shortcomings of existing research, this study proposes
an online personalized learning path recommendation model (OPLPRM), based on the
saltatory evolution ant colony optimization (SEACO) algorithm, which aims to accurately
recommend suitable learning paths based on user characteristics in real time. Beyond
that, it can support learners to adjust the learning process freely and flexibly, and improve
the quality of recommendation results. That is, the OPLPRM has fast, accurate, real-time
interactive and high-quality features. Therefore, this study first constructs a learner model,
using data mining to ensure the applicability of personalized learning path recommenda-
tion results. This data-driven learner model can portray learner differences in terms of
learner education level, learning load and expected learning volume, and track the changes
dynamically. Secondly, this study constructs an online personalized learning path optimiza-
tion model with a time window, to further refine the recommended personalized learning
paths and make them more applicable to the actual learning scenarios for online learners.
The optimization model not only considers the learning order of learning resources, but
also integrates the review behavior pattern of learners and supports users with choosing the
suitable learning path according to the expected performance and corresponding time com-
mitment. Third, this study constructs a SEACO algorithm for online personalized learning
path recommendation, to achieve dynamic real-time learning path optimization recom-
mendation. Finally, a simulation experiment was carried out on the proposed OPLPRM by
using the real user learning behavior data set from the British “Open University” platform.
Compared with the classical group heuristic algorithm particle swarm optimization (PSO)
algorithm [4] and the new metaheuristic algorithm dwarf mongoose optimization (DMO)
algorithm [5], the SEACO algorithm proposed in this study can significantly improve the
speed and accuracy of learning path optimization. Further, the experimental results show
that the OPLPRM proposed in this study can significantly improve the speed and quality of
personalized learning path recommendations, and the recommendation results are helpful
to improve the learning efficiency of learners.

The rest of the study is organized as follows. The related work about online person-
alized learning path recommendation is present in Section 2. The online personalized
learning path optimization model with a time window is present in Section 3. The per-
sonalized learning path network considering the review behavior is shown in Section 4.
The OPLPRM based on the SEACO algorithm is introduced in Section 5. The results of the
experiments and analysis are provided in Section 6. Finally, Section 7 concludes the study.
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2. Related Work

Based on the development of the online personalized recommendations of learning
resource, many researchers and scholars have proposed dynamic learning path recom-
mendations oriented by learning objectives to further improve the personalized service
capability of online learning platforms. This kind of recommendation can not only help
online learners find suitable learning resources in the learning process, but also establish an
effective learning sequence for learners [6]. The recommendation is different from online
personalized learning resources, and it is mainly reflected by: Firstly, each recommended
learning resource in the learning path recommendation is coherent with the recommended
learning resources before and after. Secondly, the selection of learning resources in the learn-
ing path is not limited by the distance or time of arrival from another learning resource, but
by the user’s prerequisites and ability gain [7]. Furthermore, the learning path represents a
learning process that follows both the structural relationship between learning resources
and the laws of learning behavior. Since dynamic learning path recommendations can bet-
ter assist learners in carrying out personalized online learning, and alleviating the problems
of “information overload” and “learning lost” compared with disordered learning resource
recommendations, such learning support services have received much attention. Currently,
there are two main methods of dynamic learning path recommendation systems; one is
based on sequential pattern mining and the other is based on combinatorial optimization.

2.1. Learning Path Recommendations Based on Sequential Pattern Mining

The method of sequential pattern mining refers to the mining of frequent subsequences
from a sequence database for recommendation, and is often applied to find sequential
relationships between data elements in sequence databases. In personalized learning path
recommendation problems, sequential pattern mining is regularly integrated with collabo-
rative filtering techniques [8] to extract frequent learning sequences from learning behavior
data, in order to recommend them to similar learners [9]. The aprioriall algorithm and GSP
algorithm are the most used sequential pattern algorithms. However, these algorithms
require several scans of the database, which will generate a large number of alternative sets,
and the operation efficiency is relatively low. This drawback is especially prominent when
the support threshold is small and the frequent sequential patterns are long. In response,
some researchers have proposed the FreeSpan algorithm and the PrefixSpan algorithm for
mining sequential patterns [10]. Such algorithms reduce the search space and improve
the algorithm performance by constructing projection databases. However, generating a
large number of projection databases implies a large amount of time consumption. Further,
when the volume of sequence data becomes huge, the algorithm computation speed will
decrease. In conclusion, the sequential pattern mining approach is difficult to apply to
the increasingly large and complex online learning behavior database, and only mining
the sequential patterns most frequently selected by historical users for recommendations
cannot meet the diverse needs of online learners.

2.2. Learning Path Recommendation Based on Combinatorial Optimization

The combinatorial optimization-based learning path recommendation is to abstract
the problem of personalized learning path recommendations as a combinatorial optimiza-
tion problem, and then search for the personalized learning path that best fits the user’s
characteristics, or best meets the user’s needs, from a learning path network. The learn-
ing path network is a graph of nodes describing the structural relationship of learning
resources and the laws of learning behaviors, covering all possible learning paths to achieve
learning goals [11]. The optimization algorithm is used to select one learning path from
the personalized learning path network, and dynamically recommend it to the user based
on the characteristics of the learner. This recommendation method is more flexible and
scalable compared with sequential pattern mining, which provides a new possibility to
build an intelligent self-applicable OPLPRM. However, finding the most suitable and ef-
ficient learning paths from the massive learning resources is an NP-hard combinatorial
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optimization problem [12]. Fortunately, there have been many research foundations in
this regard, and the evolutionary algorithm has become an effective method to find the
near-optimal personalized learning paths in the complex and changing online learning
environment by virtue of self-organization, self-adaptation and self-learning. Currently,
the ant colony optimization (ACO) [13], genetic (GA) [14] and particle swarm optimiza-
tion (PSO) [8] algorithms have been applied to find personalized optimal learning paths
for learners in e-learning platforms, and have achieved good experimental results. For
example, Niknam M proposed a bionic intelligent learning path recommendation system
based on the meaningful learning theory and using the ACO algorithm, which could find
appropriate learning paths for learners and improve them according to learners’ needs
continuously and dynamically [15]. Marouane B combined the genetic algorithm and the
ACO algorithm to propose a two-level self-adaptive learning path recommendation model,
and it added social network analysis to assign a specific learning pace to learners [16]. NGO
T S proposed a multi-objective optimization model for learning path finding based on a
MOOC platform to take into account the diverse needs of users, and used a meta-heuristic
algorithm to quickly find the near optimal learning path for learners [17].

As learners’ online personalized learning needs continue to escalate, a good online
personalized learning support service should not only be able to proactively provide
learners with personalized learning guidance advice, but also support users in choosing and
adjusting the learning process freely and flexibly [18]. Accordingly, it requires OPLPRMs
to respond to learners’ individual needs in real time. The ACO algorithm has been proven
to be more efficient than other evolutionary algorithms in the problem of personalized
learning path recommendations based on combinatorial optimization [19,20], and the
recommendation results [21,22] are of high adaptability. However, the ACO algorithm
generally has the problems of slow convergence and low solution accuracy, which make
it difficult to recommend personalized learning paths for learners accurately and in real
time. Therefore, it is necessary to build a new fast ACO algorithm to quickly and accurately
recommend personalized learning paths for target learners in real time in massive learning
resources with explosive growth. It can improve the personalized service capability of
online learning platforms, and enhance the perception of platform agility and ease of use,
optimizing the product experience of learners. In our previous research [23], the SEACO
algorithm was initially proposed. However, the previous research only used the SEACO
algorithm to solve the traveling salesman problem, and only used the domain knowledge
of shortest path discrimination. Based on our previous research, this study further proposes
a SEACO algorithm suitable for online personalized learning path recommendation by
using the domain knowledge of optimal learning path discrimination. Furthermore, this
study introduces a new online personalized learning path recommendation method with a
time window, to improve recommendation quality.

3. Online Personalized Learning Path Recommendation Problem with a Time Window

Online personalized learning path recommendation refers to recommending suitable
learning resource sequences based on individual characteristics of learners, to help them
achieve their learning goals efficiently. The problem can be abstracted as a combinatorial
optimization problem of online learning resources, with the goal of maximizing the satis-
faction of learners’ needs. In order to better solve the online personalized learning path
recommendation problem from the perspective of combinatorial optimization, this study
first gives a description of the problem and then constructs a new online personalized
learning path optimization model.

3.1. Personalized Learning Path Recommendation Problem Description

Online learning path refers to the learning sequence that learners arrange for online
learning resources in order to achieve their learning goals. It includes both the directional
linking relationship between learning resources and the learning behavior pattern of
learners. The directional linking relationship between learning resources can be represented
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by a directed weight network composed of learning resources, where learning resources
are network nodes, links between learning resources (i.e., individual learning paths) are
connected edges, and the weights between connected edges represent learning gains, which
are expressed by academic performance. In this study, G represents the directed network of
learning resources, V means the set of nodes, E is the set of linked edges, and S represents
the set of linked edge weights.

The learning behavior patterns refer to the effective laws of learning behaviors that
learners adopt in the learning process to achieve their learning goals, often expressed
in the way learning resources are organized. This study finds, from the real learning
behavior data of online learners, that learners do not complete learning resources only
once, but repeatedly study the learning resources during the learning process, in order to
achieve the learning goals. This kind of review behavior can help learners better establish
knowledge links and improve learning efficiency, but it is ignored by most research about
existing learning path mining. Therefore, this study proposes a personalized learning
path recommendation that considers the review behavior, aiming to further improve the
quality of personalized learning path recommendations. In order to clearly represent the
review behavior in the learning resource network, this study adds the dimension of times a
learning resource is learned. And the maximum set of times a learning resource is learned
is denoted by K.

The learning paths of three learners (i.e., Learner 1, Learner 2, and Learner 3) rep-
resented by the learning resource directed network are given in Figure 1. Where a to e
denote the learning resources; the subscripts of a to e denote the order in which the learning
resources are learned. S1

a1b denotes the weight of learning path (a1, b) for Learner 1, which
is equal to the academic performance of Learner 1. Sa1b denotes the comprehensive weight
of learning paths (a1, b), which can be calculated by the similarity analysis of learner model,
which will be introduced in detail in Section 4.

Each learning path in Figure 1 is described as follows.
Learner 1: only a single learning of the learning resources (a~e) is performed, the

learning paths are represented as < a1, b1, c1, d1, e1 > with a path length of 4 units, and the
set of learning path weights is

(
S1

a1b, S1
b1c, S1

c1d, S1
d1e

)
.

Learner 2: repeatedly learns resources b and c. The learning path is denoted as
< a1, b1, c1, b2, c2, d1, e1 > with a path length of 6 units, and the set of learning path weights
is
(

S2
a1b, S2

b1c, S2
c1b, S2

b2c, S2
c2d, S2

d1e

)
.

Learner 3: repeatedly learned resources a, b and c. The learning paths are denoted as
< a1, b1, c1, a2, b2, c2, d1, e1 > with a path length of 7 units; the set of comprehensive weights
of learning paths is

(
S3

a1b, S3
b1c, S3

c1a, S3
a2b, S3

b2c, S3
c2d, S3

d1e

)
.

Learning path network: three learners’ learning paths are integrated, and the set of
comprehensive learning path weights is

(
Sa1b, Sa2b, Sb1c, Sb2c, Sc1a, Sc1b, Sc1d, Sc2d, Sd1e

)
.

The online personalized learning path recommendation problem is to find and rec-
ommend the learning path that best meets the needs of the learner from the learning path
network, based on the individual characteristics of the learner.
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OPLPRM to support an online learning platform to provide high-quality personalized
services. Therefore, in order to improve the efficiency of learning path optimization and
recommend personalized learning paths accurately in real time, this study adds a
running time window limit to the online personalized learning path optimization model.
The online learning platform administrator can set the maximum optimization time of
the learning path 𝑇𝑚𝑎𝑥 through the time window, according to the requirements of
system operation efficiency. Moreover, the model allows learners to customize the set of
learning resources they plan to learn, including the learning scope 𝑉 , the set of
maximum times that the learning resources can be learned 𝐾 , the demand weight of
expected academic performance ℎ𝑠 and the sensitive weight of time cost ℎ𝑡 , so that the
model can meet learners’ needs dynamically and adjustably.

In terms of learning path optimization goals, this study sets the objective function to
maximize learning efficiency and help learners find the most efficient learning path from
the vast amount of learning resources, and assist them to complete their learning goals
quickly. The optimization goal considers both learning achievement and the time cost.
Among them, if the demand weight of expected academic performance ℎ𝑠 is greater than
sensitive weight of time cost ℎ𝑡 , it means that the learner is more concerned about
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3.2. Personalized Learning Path Optimization Model with a Time Window

This section aims to construct a fast, accurate, real-time interactive and high-quality
OPLPRM to support an online learning platform to provide high-quality personalized
services. Therefore, in order to improve the efficiency of learning path optimization and
recommend personalized learning paths accurately in real time, this study adds a running
time window limit to the online personalized learning path optimization model. The online
learning platform administrator can set the maximum optimization time of the learning
path Tmax through the time window, according to the requirements of system operation
efficiency. Moreover, the model allows learners to customize the set of learning resources
they plan to learn, including the learning scope V, the set of maximum times that the
learning resources can be learned K, the demand weight of expected academic performance
hs and the sensitive weight of time cost ht, so that the model can meet learners’ needs
dynamically and adjustably.

In terms of learning path optimization goals, this study sets the objective function to
maximize learning efficiency and help learners find the most efficient learning path from
the vast amount of learning resources, and assist them to complete their learning goals
quickly. The optimization goal considers both learning achievement and the time cost.
Among them, if the demand weight of expected academic performance hs is greater than
sensitive weight of time cost ht, it means that the learner is more concerned about achieving
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better learning results, and if ht is larger than hs, the learner is more interested in saving
learning time.

In terms of learning path optimization constraints, this study makes six main con-
straints, as follows.

Constraint 1: each learning resource within the learning scope is studied at least once.
Constraint 2: learning paths are directional in nature.
Constraint 3: the actual optimization time of the learning path is less than or equal to

the maximum optimization time.
Constraint 4: times the learning resource is actually learned is less than or equal to the

maximum times.
Constraint 5: the sum of demand weight of expected academic performance and the

sensitive weight of time cost is equal to 1.
Constraint 6: the optimal learning path does not exceed the learning scope.
According to the above optimization objective and constraints, the mathematical

expression of the online learning path optimization model based on a time window is
shown in Formula (1).

E = Max

 hs∗∑n+1
i=1 ∑n+1

j=1 ∑K
k=1 Sik jXik j

ht∗
(

∑n+1
i=1 ∑n+1

j=1 ∑K
k=1 Xik j

)2



s.t



n+1
∑

i=1
Xik j = 1, ∀j ∈ V, i 6= j, k ≥ 1

n+1
∑

j=1
Xik j = 1, ∀i ∈ V, i 6= j, k ≥ 1

Sik j 6= Sjk i
Zt ≤ Tmax

k ≤ K
hs + ht = 1

n ≤ N
Xik j = 0.1, ∀i, j ∈ V

(1)

where N denotes the total number of e-learning resources and n denotes the number of
learning resources within the learning scope. Sik j represents the path weight of learning
path (ik, j); V denotes the set of indexes of learning resources within the learning scope. Xik j
is a 0–1 variable, meaning the learning path (ik, j) is adopted or not; a value of 1 indicates
that the learning path (ik, j) is adopted, and a value of 0 reveals the learning path (ik, j) is
not adopted; k means that the learning resource has been learned k times; Zt denotes the
actual optimization time of the learning path.

3.3. The Principles That Affect Learning Effects

The learner model is a portrayal of learners’ personalized characteristics, which is an
important basis for a personalized recommendation of an online learning path. Previous
studies on the extraction of learner personalization characteristics mainly pay attentions to
cognitive style and knowledge level [24]. However, these two aspects of learner characteris-
tics are not directly available, and require additional time for the learner to take a pre-study
test. The application of such pre-learning tests in current online learning platforms is very
limited, and learners do not always participate in the tests. Furthermore, the test results are
status data, which cannot track the changes in personalization characteristics that occur
during the learners’ learning process. In order to remedy these shortcomings, this study
extracts the principles that affect learning effects from domain experts, as shown in the
following:
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1. The expected learning volume has a significant positive effect on learning effect, and
the larger the expected learning volume, the better the learning effect;

2. The level of learners’ education has a significant positive effect on learning effect, and
the higher the education, the better the learning effect;

3. The learning load has a significant negative effect on academic performance, and the
greater the learning load, the worse the learning effect.

Therefore, this study constructs a vector of learner characteristics in terms of learner’s
learning volume, education level and learning load to portray the personalized character-
istics of learners, expressed as <W1, W2, W3>. It will be used to recommend appropriate
personalized learning paths for learners.

4. Personalized Learning Path Network with Review Behavior

As can be seen from Section 3.1, the personalized learning path network is an integra-
tion of the learning paths of previous learners. This section will represent the personalized
learning path network in the form of a matrix to lay the foundation for constructing the
learning path recommendation algorithm, and clarify how to determine the comprehen-
sive weights of paths in the personalized learning path network based on the learner’s
personalized feature data.

4.1. Personalized Learning Path Matrix

This study uses an asymmetric matrix U to represent the personalized learning path
network. The row elements of the matrix U represent the learning resource that the learner
has just completed (i.e., the starting point of the next learning path) and are denoted by ik
(where i denotes the label of the learning resource in the learning scope V; k is the kth time
the learning resource was completed by the learner). The column elements of the matrix
U represent the learning resources that the learner is about to learn (i.e., the end point of
the next learning path), denoted by j (where j denotes the label of the learning resource
in the learning scope V). The elements of the matrix U denote the one-step learning path,
represented by (ik, j).

Before determining the matrix U, this study needs to specify the learner’s learning
scope V and the maximum number K of learning resources in the review behavior. As
shown in Section 3.2, both variables can be user-defined and real-time adjusted. However,
to reduce the burden of learner customization, this study provides decision support as
follows for learners through the mining of historical data.

(a): Provide a popularity ranking of learning resources to support learners in deter-
mining the learning scope V.

The popularity of learning resources refers to the proportion of the total number of
people who choose the learning resources among the groups who have achieved learning
results. For learners whose learning interests are unclear or who are completely unfamiliar
with the learning resource, the popularity ranking of the learning resource is valuable
reference information. It can effectively reduce the confusion of learners in determining the
learning scope and enhance the interactive experience.

(b): Provide a selection interval for the maximum learning resources and default
values to support learners in customizing the set K of maximum learning times for each
learning resource.

The maximum times each learning resource was learned is defined as the maximum
times the learning resource was learned in the group that had passed the test; the default
value is set as the average times the learning resource was learned in the group that had
passed the test.

After determining the learning scope V and the set of maximum learning times of learn-
ing resources K, the dimensionality of the matrix U can be determined as (∑i∈V ki)∗|V|,
where ki denotes the maximum learning times of learning resource i.
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4.2. Personalized Learning Path Weights

Based on the personalized learning path matrix U, the construction of the personalized
learning path network also requires calculation of the comprehensive weight of each path.

The comprehensive weight of the learning path is obtained by the similarity analysis
of the learner model. The similarity R between learners is calculated by the Pearson
correlation coefficient [25], as shown in Formula (2). Where, R(g, l) denotes the similarity
between learner g and learner l; Wgi represents the component of learner g on feature vector
Wi and Wg means the average value over all feature components of learner g.

R(g, l) =
∑3

i=1

(
Wg

i −Wg
)(

W l
i −W l

)
√

∑3
i

(
Wg

i −Wg
)2√

∑3
i=1
(
W l

i −W l
)2

(2)

For a given target learner g, the comprehensive weight of the learning path is equal to
the product of the similarity between the target learner and the historical learner, and the
academic performance of the corresponding historical learner, as shown in Formula (3),
where Sg

ik j denotes the comprehensive weight of the learning path(ik, j) for the target learner
g, and Lik j means the set of all historical learners who have adopted the path(ik, j).

Sg
ik j =

∑l∈Lik j
R(g, l) ∗ Sl

ik j

∑l∈Lik j
R(g, l)

(3)

5. Personalized Learning Path Recommendation Model Based on SEACO

This section aims to build a fast recommendation algorithm for online personalized
learning paths, which can quickly and accurately recommend the near-optimal learning
paths for learners to achieve learning goals based on personalized learning path network,
and meet their personalized needs dynamically and in real time. According to the literature
review, it is known that the ACO algorithm has been proven to have good performance in
solving the personalized learning path recommendation problem, but it has the problems of
slow convergence and being easy to fall into local optimal solutions, which cannot optimize
the learning path quickly. Therefore, in this study, in order to improve the speed and
accuracy of learning path recommendation, the traditional ACO algorithm is improved
from the perspective of optimal learning path prediction, and a SEACO algorithm is
proposed for personalized learning path recommendation on the Web.

5.1. Personalized Learning Path Recommendations Based on Traditional Ant Colony Optimization
Algorithm

The operation mechanism of the traditional ACO algorithm [26] mimics the process
of finding the shortest foraging path through information exchange in ant group. The
information between ants is exchanged by path pheromone. Specifically, the shorter
the path, the more pheromones the ants leave behind, and the longer the path, the less
pheromones the ants leave behind [27]. Based on the ant group’s experience, later ants
usually choose paths with stronger pheromones to find the shortest foraging paths.

In order to abstract the personalized learning path optimization problem as an ant
colony foraging process, and solve it using the ACO algorithm, the following assumptions
are made in this study.

M denotes the number of ants. ρ is the path pheromone volatility factor, taking values
between 0 to 1. S represents the personalized comprehensive weight matrix of learning
paths, where Sik j is the comprehensive weight of learning path(ik, j). Γ(t) means the path
pheromone matrix at iteration t, where τik j(t) is the pheromone of learning path(ik, j) at
iteration t.
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In the personalized learning path optimization problem, the heuristic function ηik j is
the comprehensive weight of learning path (ik, j) divided by 100, as shown in Formula (4).

ηik j =
Sik j

100
(4)

At the initial moment, the pheromone on each learning path is the same, which is the
initial concentration c, and M ants randomly choose the initial location.

At the iteration t, the ant located at learning resource i calculates the selection probabil-
ity of the learning path according to the roulette wheel method [28] based on Formula (5),
where Pik j(t) denotes the selection probability of learning path(ik, j) at iteration t; α is
the pheromone importance factor; β is the influence factor of heuristic information; Nik
represents the set of next learning resources that ants can choose after learning resource i
has been learned k times.

Pik j(t) =
τα

ik j(t)η
β
ik j

∑j∈Nik
τα

ik j(t)η
β
ik j

i f j ∈ Nik (5)

The pheromone update strategy is shown in Formula (6), where ∆τm
ik j denotes the

pheromone left by ant m on learning path(ik, j).

τik j(t + 1) = ρτik j(t) +
M

∑
m=1

∆τm
ik j (6)

∆τm
ik j is calculated by Formula (7), where Q is the pheromone constant and Em means

the learning path objective value solved by ant m during this iteration, which is calcu-
lated by the objective function of personalized learning path optimization, as shown in
Formula (1) of Section 3.2.

∆τm
ik j =

{
Q ∗ Em, i f path(ik, j) is adpoted by ant m

0, else
(7)

After the pheromone matrix is updated, the ACO algorithm continues with the next
iteration until the time specified in the time window is reached. Finally, the ACO algorithm
outputs the cumulative optimal learning path for the historical iterations.

5.2. SEACO Algorithm for Personalized Learning Path Recommendation

The design mechanism of the SEACO algorithm is to predict the evolutionary trend
of path pheromones, based on the historical evolution data of the pheromone matrix of
the traditional ACO algorithm, by mining and injecting the domain knowledge of optimal
path prediction in order to reduce the invalid search in the early stage of the algorithm and
improve the speed and accuracy of path optimization.

Based on the above mechanism, this section constructs the optimal learning path
prediction model, as shown in Formulas (8) and (9).

VT+1
ik j

′
= aVT

ik j + (1− a)VT
ik j
′
, T ≥ 1 (8)

τik j(t)
′ = τik j(t) + sin

(
π
2 ∗
(

VT+1
ik j

′−min
(

VT+1
ik

′)
max

(
VT+1

ik

′)−min
(

VT+1
ik

′) − Sik j−min
(

Sik

)
max

(
Sik

)
−min

(
Sik

)
))

(9)

where τik j(t) denotes the path(ik, j) pheromone at the iteration t; τik j(t)′ denotes the pre-
dicted pheromone of path(ik, j) in the optimal pheromone matrix; VT+1

ik j ′means the average

trend value of the solutions containing path(ik, j) in the previous T iterations; VT+1
ik

′
is a

vector whose elements denote the predicted pheromones of the learning paths starting
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with ik; and this variable is calculated using the exponential smoothing method as shown
in Formula (8), where a is the exponential smoothing coefficient, and VT

ik j is the average

value of the solutions of previous T iterations containing the path(ik, j), VT
ik j′ denotes the

predicted value of VT
ik j; Sik j represents the comprehensive weight of the learning path (ik, j);

Sik is a vector whose elements denote the comprehensive weights of the learning paths
starting from ik.

Based on the optimal learning path prediction model, this study constructs a SEACO
algorithm applicable to the problem of fast recommendation of online personalized learning
paths. The pseudocode of the SEACO algorithm is presented in Algorithm 1, and the
flowchart of the SEACO algorithm is shown in Figure 2.

Algorithm 1: Pseudocode of the SEACO algorithm

Initialization:
Initialize SEACO parameters: the number of ants M, the pheromone importance factor α, the
heuristic information impact factor β, the pheromone volatility factor ρ, the pheromone constant Q.
Set the maximum iterations of the algorithm Tmax, the moment of optimal learning path
prediction model injection Tins, the learning scope V and the set of maximum learning times of
learning resources K.
while T ≤ Tmax
Initialize the positions of M ants.

Calculate the selection probability of each path: Pik j(t) =
τα

ik j(t)η
β
ik j

∑j∈Nik
τα

ik j(t)η
β
ik j

i f j ∈ Nik

Select the next paths for M ants one by one according to the roulette wheel method.

Calculate the fitness of M ants: f itness =
hs∗∑n+1

i=1 ∑n+1
j=1 ∑K

k=1 Sik j Xik j

ht∗
(

∑n+1
i=1 ∑n+1

j=1 ∑K
k=1 Xik j

)2

Output the maximum fitness as the result of this iteration.
Update the pheromone value of each learning path: τik j(t + 1) = ρτik j(t) + ∑M

m=1 ∆τm
ik j

where ∆τm
ik j =

{
Q ∗ Em, i f path(ik, j) is adpoted by ant m

0, else
if T = Tins

Calculate the average trend value of each learning path solution VT+1
ik j

′
:

VT+1
ik j

′
= aVT

ik j + (1− a)VT
ik j
′, T ≥ 1

Predict the pheromone value of each learning path τik j(t)
′:

τik j(t)
′ = τik j(t) + sin

(
π
2 ∗
(

VT+1
ik j

′−min
(

VT+1
ik

′)
max

(
VT+1

ik

′)−min
(

VT+1
ik

′) − Sik j−min(Sik )
max(Sik )−min(Sik )

))
Update the pheromone matrix of traditional ACO algorithm.
end if
Update best solution.
end while
Return best solution
End
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platform studying for the AAA course (2013J semester) was used for simulation
experiments. This dataset records learners’ human characteristics (e.g., age, education
level, gender, etc.), learning behaviors (including learning resources, learning time, etc.)
and academic performance data.

This study used a random sampling method to select 70% of the dataset as the
training dataset and 30% of the dataset as the test dataset, estimated the learning time
using the total length of learners’ learning paths, and selected the learning resources that
were chosen by more than half of the group of learners who passed the test (academic
performance ≥ 60) to form the generic learning scope, which included 76 learning
resources.

This experiment was conducted on an Intel Xeon processor of 3.80 GHz with 6 cores
(40 GB RAM) using Matlab R2017b software.

The parameters of the SEACO algorithm were set as follows: the number of ants 𝑀
was 100; the pheromone importance factor 𝛼 was 1; the heuristic information impact
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6. Experimental Results and Analysis
6.1. Experimental Data and Design

The learning behavior data set of 338 learners from the British “Open University” plat-
form studying for the AAA course (2013J semester) was used for simulation experiments.
This dataset records learners’ human characteristics (e.g., age, education level, gender,
etc.), learning behaviors (including learning resources, learning time, etc.) and academic
performance data.

This study used a random sampling method to select 70% of the dataset as the training
dataset and 30% of the dataset as the test dataset, estimated the learning time using the total
length of learners’ learning paths, and selected the learning resources that were chosen by
more than half of the group of learners who passed the test (academic performance ≥ 60)
to form the generic learning scope, which included 76 learning resources.

This experiment was conducted on an Intel Xeon processor of 3.80 GHz with 6 cores
(40 GB RAM) using Matlab R2017b software.

The parameters of the SEACO algorithm were set as follows: the number of ants M
was 100; the pheromone importance factor α was 1; the heuristic information impact factor
β was 5; the pheromone volatility factor ρ was 0.1; the pheromone constant Q was 0.1.
The setting rules for the parameters of the ACO algorithm and SEACO algorithm refer
to [29,30], and we made appropriate adjustments to the parameters to make them more
suitable for the personalized learning path optimization problem in this research. The
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maximum iterations of the algorithm Tmax was 200; the maximum learning resources K
was equal to the average number of learning resources learned by learners in the tested
population; the moment of injecting the optimal learning path prediction model Tins (i.e.,
the Tinsth iteration) was 10, 20 and 30; the weight of the learner’s demand for the expected
effect hs was 0.5; the weight of learners’ sensitivity to time cost ht was 0.5.

6.2. Adaptation Analysis of Personalized Learning Path Recommendation Results

The OPLPRM proposed in this study can be used in real-world applications to rec-
ommend appropriate learning paths based on each learner’s individual characteristics. To
verify the wide applicability of the model in recommending personalized learning paths,
the following experiments were conducted in this study.

Using the OPLPRM, near-optimal learning paths were found from the training dataset
and recommended to the learners based on their characters in the test dataset. Then, the
learning effect of the online personalized learning paths recommended by the SEACO
algorithm was compared with the learners’ actual learning paths in the test dataset, to
verify the wide applicability of the recommendation model in meeting learners’ needs and
helping learners improve their learning efficiency.

In this experiment, the training data set included 204 learners, and the test data set
included 87 learners. The near-optimal learning path in the test data set is shown in the
Figure 3, and its optimization objective value is 0.5348, calculated by Formula (1).
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As shown in Figure 3, the vertical coordinate represents the label of learning resources
in the generic learning scope, the horizontal coordinate denotes the label of learning steps
in the learning path, and the line connecting two points represents the directed learning
path. The length of the near-optimal learning path is 155, in which 65% of the learning
resources are repeatedly learned, the maximum learning times is 4.

Next, this study gave the near-optimal paths to 87 learners in the test dataset, and
calculated the estimated academic performance, by Formula (3), that learners could achieve
by adopting the learning paths recommended by the algorithm based on each learner’s
personalized learning path network, and the summary results are shown in Table 1.

Table 1. Comparison of recommended learning path performance with actual learning path.

Statistical Quantities Average Academic
Performance

Average Learning
Efficiency

Average Length of
Learning Path

Recommended learning path 82.89 0.535 155
Learners’ actual learning path 69.57 0.526 196.4
Average optimization value 13.32 0.009 −41.4

Optimized learner ratio 96% 75% 60.92%
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As shown in Table 1, the recommended learning paths using the OPLPRM is able to
improve the average academic performance of the learners in the test set from 69.57 to 82.89,
improving the performance of 96% of learners. Furthermore, the algorithm-recommended
learning paths helped 60.92% of the learners shorten the length of their learning paths
and save learning time. In addition, the recommended learning paths can improve the
learning efficiency of 75% of learners and help them achieve their learning goals more
efficiently. In summary, the experimental results show that the OPLPRM proposed in
this study can effectively help learners on the online platform allocate their learning time
rationally, improve their learning efficiency, and better accomplish their learning goals.

6.3. Analysis of SEACO Algorithm Effectiveness

In order to verify the effectiveness of the SEACO algorithm on improving the speed
and accuracy of path optimization, the following experimental design was carried out.

The pheromone matrix of the ACO algorithm was updated by injecting the optimal
learning path prediction model when the traditional ACO algorithm ran to 10th, 20th and
30th iteration, respectively. The experimental results of the SEACO algorithm and the
traditional ACO algorithm in the same period were compared, to verify the effectiveness of
the SEACO algorithm in fast-optimization of learning paths.

Based on the above experimental design, this study first conducted simulation ex-
periments on the test dataset. In order to observe the improvement effect of short-term
operation of the algorithm after the optimal learning path prediction model injection, this
study analyzed the best objective values of the algorithm running three iterations after
injection the optimal learning path prediction model. We compared the average best target
values obtained by running the two algorithms independently ten times, and the results
are shown in Table 2.

Table 2. Comparison on short-term improvement effect (test data set).

Algorithm Iteration Average Best Objective Value STD

ACO
13th 0.257 0.0043
23rd 0.320 0.0048
33rd 0.351 0.0042

SEACO
13th 0.296 (save 12 iterations) 0.0039
23rd 0.376 (save 6 iterations) 0.0040
33rd 0.391 (save 2 iteration) 0.0039

As shown in Table 2, the short-term improvement effect of the SEACO algorithm is
most obvious when the optimal path prediction model is injected at the 10th iteration and
the 20th iteration, and it can save 12 iterations at most. Further, the earlier the optimal path
prediction model is injected, the more obvious the algorithm improvement effect is.

Next, in order to observe the improvement effect of the long-term operation of the
proposed algorithm, this study injects the optimal learning path prediction model in the
20th iteration, and compares the best objective value of the SEACO algorithm running to
the 200th iteration with that of the traditional ACO algorithm, and the comparison results
of average best objective values for 10 experiments are given in Figure 4.

As shown in Figure 4, after the optimal path prediction model is injected in the 20th
iteration, the algorithm can effectively avoid converging on the local optimal solution too
early, and improve the optimization speed and quality of the learning path. Meanwhile,
at the 73rd iteration, the SEACO algorithm has been able to achieve the target value
that was achieved by the traditional ACO algorithm at the 200th iteration, which was
127 generations ahead of schedule and equivalent to saving 63.5% of optimization time.
In terms of the objective value under the same optimization time, the objective value of
the SEACO algorithm at the 200th iteration is 0.536, higher than that of the traditional
ACO algorithm (0.051), which is equivalent to improving the objective value by 10.5%. In
summary, the SEACO algorithm proposed in this study can effectively solve the problems
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of slow convergence and low solution accuracy of the traditional ACO algorithm, and
realize the rapid optimization of online personalized learning paths.

Mathematics 2023, 11, x FOR PEER REVIEW 16 of 21

Figure 4. Comparison results of the SEACO algorithm and the traditional ACO algorithm (test
data set).

As shown in Figure 4, after the optimal path prediction model is injected in the 20th
iteration, the algorithm can effectively avoid converging on the local optimal solution
too early, and improve the optimization speed and quality of the learning path.
Meanwhile, at the 73rd iteration, the SEACO algorithm has been able to achieve the
target value that was achieved by the traditional ACO algorithm at the 200th iteration,
which was 127 generations ahead of schedule and equivalent to saving 63.5% of
optimization time. In terms of the objective value under the same optimization time, the
objective value of the SEACO algorithm at the 200th iteration is 0.536, higher than that of
the traditional ACO algorithm (0.051), which is equivalent to improving the objective
value by 10.5%. In summary, the SEACO algorithm proposed in this study can
effectively solve the problems of slow convergence and low solution accuracy of the
traditional ACO algorithm, and realize the rapid optimization of online personalized
learning paths.

In order to further validate the optimization-finding ability of the SEACO algorithm
for online personalized learning path recommendations on a larger dataset, this study
conducted simulation experiments using all learner data. First, consistent with the above,
the optimal learning path prediction model was injected into the traditional ACO
algorithm up to 10th, 20th and 30th iteration, respectively, and then the algorithm
running for 3 iterations to compare with the optimal objective value of the traditional
ACO algorithm at the same time to observe the short-term improvement effect. In
addition, the SEACO algorithm was further compared with early classical group
heuristic algorithms and new meta heuristic algorithms. In the early classical group
heuristic algorithms, particle swarm optimization (PSO) has good performance in
solving personalized learning path optimization problems [31]. The new metaheuristic
algorithms include the dwarf mongoose optimization (DMO) algorithm [5], the
improved chaotic grey wolf optimization (ICGWO) algorithm [32], the marine predator
algorithm (MPA) [33], etc. Due to the similar operating principles of these metaheuristic
algorithms, we chose the DMO algorithm as a representative of the new metaheuristic
algorithms for comparison, because of its performance in solving route optimization
problems and its source code availability. Table 3 briefly summarizes the descriptions
and the parameter settings of PSO and DMO.

Figure 4. Comparison results of the SEACO algorithm and the traditional ACO algorithm (test data set).

In order to further validate the optimization-finding ability of the SEACO algorithm
for online personalized learning path recommendations on a larger dataset, this study con-
ducted simulation experiments using all learner data. First, consistent with the above, the
optimal learning path prediction model was injected into the traditional ACO algorithm up
to 10th, 20th and 30th iteration, respectively, and then the algorithm running for 3 iterations
to compare with the optimal objective value of the traditional ACO algorithm at the same
time to observe the short-term improvement effect. In addition, the SEACO algorithm was
further compared with early classical group heuristic algorithms and new meta heuristic
algorithms. In the early classical group heuristic algorithms, particle swarm optimization
(PSO) has good performance in solving personalized learning path optimization prob-
lems [31]. The new metaheuristic algorithms include the dwarf mongoose optimization
(DMO) algorithm [5], the improved chaotic grey wolf optimization (ICGWO) algorithm [32],
the marine predator algorithm (MPA) [33], etc. Due to the similar operating principles of
these metaheuristic algorithms, we chose the DMO algorithm as a representative of the
new metaheuristic algorithms for comparison, because of its performance in solving route
optimization problems and its source code availability. Table 3 briefly summarizes the
descriptions and the parameter settings of PSO and DMO.

Table 3. Parameter settings of PSO and DMO.

Algorithm Description Parameter

PSO Inspired from the motion of bird
flocks and schooling fish.

Population size N = 100
Cognitive component C1 = 0.1
Social component C2 = 0.075
Minimum inertia Wmin = 0.5
Maximum inertia Wmax = 1

DMO

Inspired from the social structure
and foraging nature of dwarf
mongooses in their natural
environment.

Population size N = 100
Number of babysitters Nb = 20
Babysitter exchange parameter K = 7
Female vocalization α = 2
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We compared the average best target values obtained by running the four algorithms
independently ten times respectively, and the results of the comparative experiment are
shown in Tables 4 and 5.

Table 4. Comparison on short-term improvement effect (all data sets).

Algorithm Iteration Average Best Objective Value STD

ACO
13th 0.371 0.0042
23rd 0.402 0.0046
33rd 0.479 0.0044

PSO
13th 0.319 0.0049
23rd 0.348 0.0048
33rd 0.415 0.0049

DMO
13th 0.403 0.0059
23rd 0.431 0.0060
33rd 0.484 0.0060

SEACO
13th 0.413 0.0038
23rd 0.449 0.0036
33rd 0.492 0.0039

Table 5. Time saved of SEACO compared with other algorithms (all data sets).

Algorithm ACO PSO DMO

13th iteration 11 iterations 13 iterations 3 iterations
23rd iteration 13 iterations 22 iterations 8 iterations
33rd iteration 1 iteration 19 iterations 1 iteration

From Table 4, it can be seen that the SEACO algorithm achieves the highest average
best objective value in the 13th, 23rd and 33rd iteration compared to the ACO algorithm,
PSO algorithm and DMO algorithm. From the perspective of time saving, Table 5 shows
that the optimal learning path prediction model has the most obvious improvement effect of
the SEACO algorithm at the 20th iteration of injection to ACO, which can save 13 iterations
at most. As for PSO and DMO, SEACO also has the better effect of time saving, which can
save 22 iterations and 8 iterations, respectively. Moreover, the earlier the optimal learning
path prediction model is injected, the more obvious the algorithm improvement effect is.

Additionally, we paired any two of the four algorithms in the comparative experiment
and used the Wilcoxon rank sum test to determine whether the average values of the two
samples are statistically equal. The results of the Wilcoxon test show that all determined
p-values are less than the significance level of 5%, indicating a statistically significant
difference between algorithms.

Next, in order to analyze the improvement effect of the long-term operation of the
algorithm on the whole data set, this study injected the optimal learning path prediction
model at the 20th iteration, and compared the optimal objective value of the SEACO with
that of the traditional ACO algorithm at iteration 200. The comparison of average optimal
objective values for 10 experiments is given in Figure 5.

As can be seen from the Figure 5, after updating the pheromone matrix with the
optimal learning path prediction model, the SEACO algorithm can effectively avoid the
algorithm from stalling in the early stage of local optimal solutions and improve the quality
of algorithm optimization. In addition, at the 115th iteration, the SEACO algorithm has
been able to reach the target value that was achieved by the traditional ACO algorithm at
the 200th iteration, which is 85 generations ahead of schedule and equivalent to saving
57.5% of optimization time. The average best objective value of the SEACO algorithm is
0.769, which is 12.3% higher than that of the traditional ACO algorithm.
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In summary, the SEACO algorithm proposed in this study can effectively avoid the
traditional ACO algorithm from converging on the local optimal solution too early, improve
the speed and optimization quality of learning path optimization, and achieve fast and
accurate learning path recommendation.

7. Conclusions and Future Work
7.1. Conclusions

To address the problems of “information overload” and “learning lost” caused by
massive learning resources, this study proposes an OPLPRM with fast, accurate, real-time
interaction and high-quality features to help learners accomplish their learning goals effi-
ciently, optimize the online personalized learning experience, and improve the personalized
service capability and efficiency of online learning platforms. The contribution of this study
is reflected in two aspects. First, this study constructs an online personalized learning path
optimization model with a time window, which not only considers the sequence relation-
ships between learning resources, but also innovatively considers the review behavior of
learners in the learning path optimization. This kind of learning path recommendation
considering review behavior is helpful to improve the applicability of learning path recom-
mendation results, and is also more applicable to the actual learning scenarios of learners.
Second, in order to quickly and accurately recommend learning paths for learners in real-
time interaction scenarios, this study constructs a new SEACO algorithm suitable for online
personalized learning path recommendations, from the perspective of optimal learning
path prediction. Based on the domain knowledge, an optimal learning path prediction
model is constructed to accelerate the convergence of the algorithm and improve the speed
and accuracy of learning path optimization by predicting the evolutionary trend of the
pheromone matrix and updating the pheromone matrix.

The experiment was conducted using the real online learning behavior dataset of
learners on the British “Open University” platform. The experimental results show that
(1) the OPLPRM proposed in this study has wide applicability, and can help learners
allocate their learning time rationally and improve their learning efficiency; and (2) the
OPLPRM based on the SEACO algorithm can effectively speed up the optimization of
optimal learning paths, while improving the optimization quality. These provide a feasible
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solution for improving the efficiency of using online personalized learning platforms and
realizing dynamic real-time online learning path optimization recommendation services.

7.2. Future Work

However, this study has the following shortcomings and should be improved in the
future.

Firstly, this study only focuses on building learner models from the perspective of
individual learners, without considering users’ online social factors. In the future, we plan
to improve the applicability of personalized learning path recommendation results from the
perspective of online learning groups by mining users’ online social data. By incorporating
online social factors, such as group interactions, collaboration and peer influence, we
can gain a deeper understanding of how learners’ social networks impact their learning
experiences. This will enable us to develop a more comprehensive and effective rule of
online personalized learning paths recommendations that take into account the dynamics
of online communities and facilitate collaborative learning.

Secondly, in the learning process, learners with the same characteristics may manifest
different learning abilities. This study has not deeply explored the learning abilities of
online users. In the future, we plan to improve the quality of personalized learning path
recommendations by analyzing users’ learning abilities and other implicit attributes, so
that online personalized learning path recommendation services can be more competitive.
By delving into learners’ individual learning abilities, cognitive styles, and preferences, we
can create more accurate learner models that capture their unique learning needs. This
will allow us to tailor the learning paths and content to suit their specific strengths and
weaknesses, optimizing their learning outcomes. Additionally, incorporating other implicit
attributes, such as motivation, self-regulation skills and prior knowledge, will further
enhance the personalization of the learning experience, ensuring that learners receive
relevant and engaging recommendations that maximize their learning efficiency.
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