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The  multi  course  association  of  STEM  poses  an  important  challenge  to the  learning  background  of  learn-
ers.  Once  learners  do  not  have  sufficient  understanding  of  knowledge  association  or  do  not  implement  the
topological  order  of  knowledge  advancement,  they  are  prone  to burnout  in the  learning  process,  forming
serious  negative  emotions,  which  is not  conducive  to learning  effectiveness,  and  even  premature  dropout.
This is  clearly  a psychological  teaching  problem,  that  is  our  research  objectives.  This  study  focuses  on the
STEM  learning  behaviors  in MOOCs,  and  explores  the  deep  learning  routing.  We  design  one  novel  method
to  process  the  context  features  and  content  features  for  knowledge  concept  recommendation.  Multiple
entities,  features,  and  courses  enable  the  construction  and  optimization  of  knowledge  concept  relation-
ships.  Then,  an  attention  mechanism  is  used  to achieve  the  knowledge  concept  propagation  between
different  entities.  The  extensive  experiments  have  proved  this  method  might  accurately  capture  poten-
tial  interests  of  knowledge  concepts,  achieve  the effective  deep  learning  routing,  and  explore  and  guide
the  positive  learning  state,  reduce  or avoid  the  negative  psychological  outcomes,  such  as  dropout  or  low
pass  rate.  The  entire  study  aims  to enhance  learning  outcomes,  improve  learning  motivation,  optimize
learning  behaviors,  and  provide  more  effective  suggestions  for STEM  education,  that  is very  important
for  the  interdisciplinary  learning  in higher  education.  The whole  research  might  provide  key  support  for
tracking  possible  psychological  changes  in learners,  improving  learning  behavior  trends,  and  enhance
learning  quality  during  STEM  learning,  fully  improve  and  optimize  the  learning  state,  construct  effective
decisions  for  positive  learning  interests.
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including  those  for text  and  data  mining,  AI  training,  and  similar  technologies.

Explorar  la  sinergia  entre  las  redes  neuronales  de  convolución  mejoradas  y  los
mecanismos  de  atención  recomendados  por  posibles  conceptos  de  conocimiento
STEM  en  MOOC
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r  e  s  u  m  e  n

La asociación  curricular  múltiple  de  STEM  plantea  desafíos  importantes  para  los antecedentes  de  apren-

STEM
Tallos
Concepto de conocimiento
Recomendación de interés potencial
Aprendizaje profundo
Red neuronal de involución
Aprendizaje activo de la psicología

dizaje  de  los  estudiantes.  Una  vez  que  los  estudiantes  no  tienen  suficiente  comprensión  de  la  Asociación
del  conocimiento  o  no  implementan  el orden  topológico  de  la  promoción  del conocimiento,  son  propensos
a  sufrir  agotamiento  durante  el  proceso  de  aprendizaje,  formando  emociones  negativas  graves,  lo  que  no
favorece  el  efecto  del  aprendizaje  e incluso  abandonan  la  escuela  prematuramente.  Este es obviamente  un
problema  de  enseñanza  psicológica  y nuestro  objetivo  de  Investigación.  Este  estudio  se  centra  en  el com-
portamiento  de  aprendizaje  STEM  en  MOOC  y explora  caminos  de  aprendizaje  profundo.  Hemos  diseñado
un nuevo  método  para  procesar  las  características  contextuales  y de  contenido  de  las  recomendaciones
conceptuales  de conocimiento.  Múltiples  entidades,  múltiples  características  y  múltiples  cursos  pueden
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construir  y  optimizar  relaciones  conceptuales  de  conocimiento.  Luego,  se  utiliza  el  mecanismo  de  aten-
ción  para  lograr  la difusión  de  conceptos  de conocimiento  entre  diferentes  entidades.  Un  gran  número
de experimentos  han  demostrado  que  este  método  puede  capturar  con  precisión  el interés  potencial  de
los  conceptos  de  conocimiento,  lograr  vías  efectivas  de  aprendizaje  profundo,  explorar  y guiar  Estados  de
aprendizaje  positivos,  y  reducir  o evitar  consecuencias  psicológicas  negativas  como  el  abandono  escolar
o  la  baja  tasa de  aprobación.  Todo  el  estudio  tiene  como  objetivo  mejorar  los  resultados  del  aprendizaje,
mejorar la motivación  para el  aprendizaje,  optimizar  el  comportamiento  del aprendizaje  y  proporcionar
asesoramiento  más  eficaz  para  la educación  STEM,  que es muy  importante  para  el aprendizaje  interdis-
ciplinario  en la  educación  superior.  Todo  el estudio  puede  proporcionar  un apoyo  clave para  hacer  un
seguimiento de  los  posibles  cambios  psicológicos  de  los  estudiantes,  mejorar  las  tendencias  del  compor-
tamiento de aprendizaje,  mejorar  la  calidad  del aprendizaje  en  el  proceso  de  aprendizaje  STEM,  mejorar
y optimizar  de  manera  integral  el  Estado  de aprendizaje  y  construir  decisiones  efectivas  de  interés  activo
en  el aprendizaje.
© 2024  Universidad  de  Paı́s Vasco.  Publicado  por  Elsevier  España,  S.L.U.  All  rights  are reserved,  including
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Introduction

STEM education, which stands for Science, Technology, Engi-
neering, and Mathematics, is an interdisciplinary educational
approach that integrates the natural sciences with innovation in the
context of information technology (Buckley et al., 2023). STEM edu-
cation goes beyond simply integrating different subjects; it focuses
on organically merging the distinct practical processes and intellec-
tual aspects of each subject to enhance learners’ multidisciplinary
application and practice (Costello et al., 2023). At the same time,
deep learning is a learning model that accompanies STEM educa-
tion. It involves learners independently and completely completing
the learning process. Based on their own learning background and
professional needs, learners themselves develop suitable learning
methods and task objectives (Gijsen et al., 2024). Deep learning
is emphasizes active and self-directed learning, aiming to explore
effective learning behaviors, cultivate problem-solving skills. It is
a meaningful form of learning (Xia & Qi, 2023a). Learners actively
and critically learn new knowledge through adaptive integration
of related learning contents (Xia & Qi, 2022; Weston et al., 2023).
STEM education can be linked with deep learning, as they are
mutually compatible, promoting each other (Norris et al., 2023).
In the process of STEM education, the integration of learning con-
tents facilitates the formation of interdisciplinary topics (Anttila
et al., 2023), helps learners actively acquire knowledge, improves
learners’ abilities in problem-solving, innovative thinking, and col-
laborative learning, thereby achieving deep learning (Bañeres et al.,
2023). So the effective deep learning aligns well with STEM edu-
cation. Therefore, STEM education and associated deep learning
have high requirements for learners to construct positive learning
behaviors and positive learning states, timely and effective learner
psychological tracking and guidance should be integrated into the
STEM education (Xia & Qi, 2024).

However, it is crucial to quantify the entire learning process, and
essential for better and more comprehensive deep learning routing
in STEM education (Chen et al., 2022; Pattison et al., 2020). In recent
years, Massive Open Online Courses (MOOCs) have emerged as a
public educational platform that achieves complete learning pro-
cesses and a vast amount of learning resources. Platforms such as
Coursera, edX, and Udacity have gained worldwide attention from
both learners and teachers. MOOCs have encouraged significant
participation from learners globally, leading to an accumulation
of massive courses, resources, and learning behavior instances
(Kleinschmit et al., 2023). The increasing richness of STEM-related
learning contents and learners engagement in STEM have provided
effective tools and technologies for tracking the learning process

and predicting deep learning routing, enabling the learners’ learn-
ing interests and behavioral trends, evaluating real-time learning h
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tates (Xia, 2021a). Consequently, MOOCs offer more flexible and
utonomous means of personalized learning.

STEM education in MOOCs also presents several key challenges,
lso bring some opo. One significant challenge is how to attract
earners to engage in the entire learning process online contin-
ously and efficiently. To effectively address the difficulties and
roblems in learning contents, it is needed to explore solutions
nd learning materials that can better understand and capture
earners’ interests (Xia, 2022). The integration of deep learning
nd STEM education enables learners to identify appropriate learn-
ng behaviors and related learning resources. This self-directed
earning behavior routing has become a hot issue of STEM, deep
earning, and adaptive recommendation (Parviainen et al., 2020).

eanwhile, STEM education in MOOCs also brings some oppor-
unities to higher or secondary education, especially in higher
ducation, where there is a clearer understanding and implemen-
ation of STEM teaching objectives and learning needs. Learners
ave a strong sense of initiative in multi domain related learning
nd collaborative learning of STEM, forming many research top-
cs. MOOCs fully share online resources and implement the entire
earning process, enabling learners to learn about multi domains
f STEM online learning processes, promoting effective propaga-
ion and limitation of knowledge concepts between multi courses.
his has important implications for the interdisciplinary nature of
TEM learning contents, which is the foundation for achieving deep
earning for learners.

elated work

In order to track and predict the potential interests and deep
earning routing related to STEM knowledge concepts, this study

ight effectively organize and analyze various relevant issues such
s STEM course recommendation (Maric et al., 2023), learning
ehavior prediction (Xia & Qi, 2023b), and learners’ learning ten-
encies (Xia & Wang, 2022). In the corresponding achievements,
he recommendation mechanism for learning contents has been
artially applied in MOOCs, where MOOCs can recommend cor-
esponding courses based on learners’ needs. However, learners’
eeds may  also involve multi courses, and a course may  associate
any videos and learners’ comments with specific explanations

f knowledge concepts (Mubarak et al., 2022). Direct course rec-
mmendation may  not fully satisfy learners’ potential interests,
ecause the vast amount of course-related resources might affect
he effective learning behavior routing and achieve the deep learn-
For instance, different teachers teaching Linear Algebra may
ave different emphases, resulting in variations in knowledge
oncepts. A teacher engaged in big data research and service rec-
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ommendation may  focus on key analysis models, while a teacher
involved in basic mathematics education may  focus on the sys-
tematic and principled mathematical theorems and rules. These
teaching approaches may  not necessarily meet all learners who
want to study Linear Algebra. Therefore, the tracking of poten-
tial interests in STEM knowledge concepts, as well as the efficient
learning behavior routing, need to be based on knowledge concepts
as direct recommendation items. Research on recommendation
mechanisms for online learning processes mainly focuses on the
following aspects:

(1) Collaborative filtering recommendation mechanism based on
learners’ historical interaction and collaboration: This is the
most traditional recommendation method, which calculates
the relevant items by identifying learners’ potential interests in
learning contents that are similar to their peers. This approach
has been widely applied. However, the entire learning process
in MOOCs is accompanied by massive sparse learning behavior
instances, and the discrete relationships between learners and
knowledge concepts directly affect the recommended effec-
tiveness (Evenhouse et al., 2023). So it is necessary to expand
the descriptive items of learning behavior instances during data
analysis and feasibility prediction. When learners’ social infor-
mation, the relationships between learners and recommended
items, learner profiles, knowledge graphs, and contextual infor-
mation of learning process are all fully considered together
(Mourdi et al., 2023), that might be used to reduce the negative
impact of incomplete learning behaviors.

(2) Recommendation mechanism based on potential features: This
approach has shown promising results in addressing the limita-
tions of collaborative filtering recommendation. By leveraging
the nonlinear fitting, it predicts and associates potential fea-
tures to learn implicit relationships from learning behavior
instances (Hsu, 2023). It describes learners’ potential inter-
ests as feature vectors, ultimately generating a list of top-K
recommended items (Aldowah et al., 2020). Various models
such as Multilayer Perceptron, Neural Network Model, and
Graph Neural Network can learn the representation of learn-
ers and recommended items in the embedding space. Implicit
feedback mechanism is utilized to infer the preference relation-
ships between learners and recommended items (Cetron et al.,
2020), thereby capturing crucial potential features of learning
behaviors. Some applications have demonstrated that incor-
porating attention mechanism into the process of potential
feature mining can effectively differentiate learning interests,
further enhancing the performances of recommendation mech-
anism.

(3) Course recommendation mechanism based on learners’ needs:  The
course recommendation mechanism based on learners’ needs is
a direct application that combines the two aspects. It is the most
widely used pattern that has received significant attention from
researchers. By integrating recommendation mechanisms such
as Recurrent Neural Network, Deep Belief Network, content-
aware algorithm, and reinforcement learning algorithm, it can
effectively and comprehensively utilize auxiliary information
about learners and courses (Calvera-Isabal et al., 2023). Based
on learners’ access and usage behaviors related to learning
resources in MOOCs during the learning process, it mines the
potential information to represent learners’ interest tendencies
and behavioral routes, thus improving the recommendation
process of learning resources (Dash et al., 2022). However, in
cases where learners have specific needs for a relatively concen-

trated portion of some courses or learning needs, researchers
might consult relevant knowledge concepts, principles, and
rules to solve specific learning problems (Gomes et al., 2023),
rather than learning whole learning contents, recommending
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a series of related courses can easily overwhelm learners with
a massive amount of knowledge concepts, making it difficult
to effectively filter out learning contents directly relevant to
learners’ current needs (Xia, 2021b). In such scenarios, one
prediction and recommendation approach may not provide
learners with critical guidance and item recommendation.

he present study

In fact, there are many types of entities and relationships for
TEM learners and knowledge concepts in MOOCs (Gupta et al.,
022), it can further derive other associated entities and behav-

oral relationships. This representation of online learning process
n MOOCs can provide rich learning behavior instances, enabling
nteraction and cooperation between learners and knowledge con-
epts (Xia & Qi, 2023c). Different knowledge concepts contain
ifferent content contexts (Lee et al., 2023), and relying solely
n a single type of interaction and cooperation may  overlook
mportant entities and relationships (Flegr et al., 2023). How-
ver, many types of entities and relationships can increase the
omplexity of entire recommendation processes and the hetero-
eneity of information. It is necessary to support the heterogeneous
nformation of learning behavior instances of STEM education and
he end-to-end recommendation mechanism for knowledge con-
epts with multi learning behavior paths. Additionally, it should
e able to track the entire learning periods to effectively ana-

yze and demonstrate feasible and efficient deep learning routing
trategies, and explore the psychological changes and behavioral
endencies of learners during the learning process, This is of
reat significance for online teaching in higher and secondary
ducation (Xia, 2020a).

Therefore, the knowledge concept recommendation methods
eed to integrate the advantages of above three aforementioned
spects. It should achieve the hybrid recommendation mechanism
hat could support the explicit and implicit information feed-
ack, and combine the learning needs for interdisciplinary and
ulti-course integration of STEM education in MOOCs, in order

o design accurate knowledge concept recommendation solutions,
ffectively provide feedback on learning status and the psycholog-
cal representation of learners.

Based on the massive learning behavior instances generated by
OOCs, this study focuses on the learning tasks related to mul-

iple STEM courses and goals of deep learning, in order to build
ositive learning states and achieve sustainable effective learning
sychology. Considering potential interests of knowledge concepts
nd explicit and implicit feedback, we design a hybrid recom-
endation mechanism. The learning behaviors are represented by

eterogeneous information network, then are calculated and ana-
yzed, the feasible and efficient deep learning routing strategies
re mined from learning behavior instances. Helped by the fusion
f multi-layer graph convolutional neural network and attention
echanism, the corresponding analysis model is designed to track

he entire learning process, adaptively mine and predict STEM
nowledge concepts in MOOCs and form efficient deep learning
outing. The whole research might provide the critical decision and
ustification for STEM learners, achieve the sustainable and pro-
ressive learning process with a complete knowledge framework
hrough MOOCs.

ethod
esearch design and participants

To argue the hybrid recommendation strategies that combine
xplicit and implicit feedback of potential interest in STEM knowl-
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relationships of MOOCCube.

Table 1
Meta-paths centered around knowledge concepts

Entities Meta paths

Learner Learner→Knowledge Concept→Learner
Course Course→Knowledge Concept→Course
Video Video→Knowledge Concept→Video
Teacher Teacher→Knowledge Concept→Teacher
Learner Learner→Course→Knowledge Concept→Course→Learner
Learner Learner→Video→Knowledge Concept→Video→Learner
Learner Learner→Knowledge Concept→Teacher→Knowledge

Concept→Learner
Teacher Teacher→Course→Knowledge Concept→Course→Teacher
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Figure 1. Entities and 

edge concepts, and to explore deep learning routing for STEM
courses, this study focuses on one MOOC platform “XuetangX
online”. The factors and features associated with the entire learn-
ing process are referred to as MOOCCube, which forms one dataset
that not only includes multi entities like learner, course, video,
and teacher, but also generates rich and complex relationships
between these entities. MOOCCube constitutes an open-source
large-scale data repository composed by entities and relationships.
Compared to the existing similar educational resources, MOOC-
Cube has a massive scale, diverse features, abundant data, and
sufficient attributes, enabling the more comprehensive description
of learning behaviors. Relevant descriptive items include learning
duration, frequency, video interval, and more. Since this MOOC
platform has attracted active participation from over 200,000 learn-
ers, resulting in nearly five million learning behavior instances,
which can be used to describe learner behavior tendencies and
preferences. Additionally, MOOCCube registers a large number of
courses along with corresponding videos, concepts, and reference
materials. In MOOCCube, 706 courses and nearly 40,000 videos are
selected. MOOCCube establishes the connections between learning
behaviors and courses, associating relevant entities. At the same
time, the learning behavior routing implies learning psychologi-
cal trends, and the participation in interactive activities is to some
extent a potential feedback of learning enthusiasm (Wu  & Uttal,
2024).

This study takes knowledge concepts as the conditions to
explore associated entities and their descriptive attributes. Knowl-
edge concepts are defined as nodes, they form the relationships
with corresponding descriptive items, and one item is the represen-
tation of entity, condition, rule, etc. Since items belong to different
types, such as courses, learners, videos, teachers, etc., they are all
associated with knowledge concepts, meanwhile, they might have
different relationships. Thus, the relationships between knowledge
concepts and different descriptive items, as well as between differ-
ent descriptive items, form heterogeneous information network,

which can enrich the characteristics of learners and descriptive
items. By analyzing the heterogeneous information network, the
similarities between learners or items can be discovered, further
exploring potential feature vectors for efficient learning behav-
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Teacher Teacher→Video→Knowledge Concept→Video→Teacher
Course Course→Video→Knowledge Concept→Video→Course

ors. Figure 1 illustrates the structure of heterogeneous information
etwork in MOOCCube, that is used to describe the relationships
mong different entities, there are five entities: teachers, learners,
ourses, videos, and knowledge concepts, forming different types
f directed relationships.

The entities and relationships in Figure 1 form meta-paths, that
s constructed when entities serve as the starting node and end
ode, meta-paths are the fundamental relationships that constitute
he topological graph. By centering around the knowledge con-
epts, different meta-paths can be formed, as shown in Table 1,
t can be observed that learners, courses, videos, and teachers form
our direct meta-paths around knowledge concepts, establishing
he relationships through knowledge concepts. Learners, teachers,
nd courses, as intermediate nodes, are indirectly connected to
ther entities, forming the composite meta-paths centered around
nowledge concepts. Although videos are served as direct descrip-
ive media for knowledge concepts, that are viewed as the direct
argets for learners, teachers, and courses, they do not form associ-
tion tendencies starting from videos, thus not forming composite
eta-paths. Therefore, the meta-paths centered around knowledge

oncepts might realize the complex connections among five enti-

ies in Figure 1. The knowledge concept propagation topology could
irectly influence the strategies of learning behavior routing.

Based on Figure 1 and Table 1, entities and learning behavior
nstances related to STEM education are obtained from MOOCCube,
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Table  2
Statistics of entities and relationships

Entities Statistics Relationships Statistical
values

Course 273 Course-Knowledge Concept 921,307
Video 24,305 Video-Knowledge Concept 231,440
Knowledge Concept 78,116 Learner-Course 415,227

Table 3
Statistic values of knowledge concept association items

Items Statistical values

Paper 547,435
Prerequisite-dependency 17,686
Taxonomy 3,152

i
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Learner 112,009 Course-video 25,512
Teacher 1,023 Teacher-Course 1,607

which describe three years of complete online learning data, includ-
ing 2016, 2017, and 2018. Focusing on the knowledge concepts,
there are direct associations between two entities, and the corre-
sponding statistical values are presented in Table 2. As knowledge
concepts and relationships are subject to certain constraints and
classification norms, they are also linked to relevant descriptive
items, so we get corresponding data from Paper, Prerequisite-
dependency, and Taxonomy of MOOCCube. The learning behavior
instances mainly revolve around the complete record items of
learners watching videos, and the related statistical values are
shown in Table 3.

From Tables 2 and 3, it can be seen that MOOCCube contains vast
amounts of data generated from STEM learning process of three
years. The knowledge concepts form complex interrelationships

and constraints. To effectively analyze the abundant data and pre-
dict potential interests, as well as provide adaptive interventions to
deep learning routing, it is necessary to calculate the comprehen-
sive correlations between entities and descriptive items. Given the

c
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Figure 2. The potential relationships and related t
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Learning behavior Instances 2,900,470

nterdisciplinary nature of STEM and the propagation of knowledge
oncepts, it is crucial to leverage the intrinsic relationships among
nowledge concepts and design appropriate methods, then deduce
orresponding key problems, that is used to enable effective data
nalysis and adaptive interventions.

By effectively analyzing the structure, elements, and features
f STEM-related entities, items, and learning behavior instances,
nd based on the achievements of previous research (Khor &
ave, 2022; Khoushehgir & Sulaimany, 2023), this study aims

o track the complete STEM learning process. Considering the
emands for practical application and disciplinary correlation in
TEM education, the hybrid recommendation strategy and deep
earning routing are proposed, that are supported by both explicit
nd implicit features of potential interests in STEM knowledge
oncepts. As depicted in Figure 2, the analysis process involves
lassifying knowledge concepts across the domains of Science,

echnology, Engineering, and Mathematics. By analyzing massive
earning behavior instances and deriving learning patterns, we
stablish a set of problems to validate the findings and suggestions.

est problems of STEM knowledge concepts.
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In Figure 2, four knowledge concept distribution for related
courses are described. Under the constraints and conditions of
Paper, Prerequisite-dependency, and Taxonomy, the knowledge
concepts and their relationships are defined among different
domains such as Science, Technology, Engineering, and Mathe-
matics. By exploring the relationships between these domains,
effective strategies for learning behavior routing can be developed
and deduced, and corresponding learning state and psychological
trends might be hidden in the changes and association of learning
behavior routing in different domains. To validate the feasibility
and reliability of hybrid recommendation strategy supported by
both explicit and implicit features of knowledge concepts, this
study identifies key courses related to STEM and proposes four test
problems as follows:

P1. We  select the key knowledge concepts for each domain
and establish the corresponding knowledge concept topology, then
verify its significant influence on the learning behavior routing of
learners in each domain.

P2. Based on the validation results of P1, we define the related
knowledge concept clusters for each domain to serve other three
associated domains, then verify their significant influence on the
potential interest tendency towards other domains.

P3. Based on the validation results of P2, we build the learn-
ing behavior routing of specific knowledge concepts for associating
with other three domains, then verify their significant influence on
the learning behavior routing of learners in terms of associating
with other domains.

P4. Based on the validation results of P3, we verify the effi-
cient deep learning behavior routing formed by learners among
knowledge systems of different domains.

By arguing and analyzing these four problems, the feasibility and
effectiveness of hybrid recommendation strategy and deep learning
routing in promoting learner interests and behavior modes can be
demonstrated.

Instruments

To achieve the hybrid recommendation mechanism that can
support comprehensive explicit and implicit features for poten-
tial interests in STEM knowledge concepts, and to predict and
explore efficient deep learning routing strategies, in this section,
we will design a hybrid recommendation mechanism that com-
bines explicit and implicit features. By effectively recommending
a continuous sequence of knowledge concepts, the reliable deep
learning routing strategies are tracked and predicted from massive
learning behavior instances.

The corresponding approach is named as ReRo model (Recom-
mendation for Potential Interests and Routing of Learning Behavior,
ReRo). The entire analysis process is divided into the following three
steps:

Step 1. The STEM learning behavior features and relationships
are extracted. To extract the features and relationships of STEM
learning behaviors, it is necessary to identify the features of knowl-
edge concepts. After fully analysis and classification, we find that
there are mainly two categories, content features and context
features respectively: (1) Content features: The naming of STEM
knowledge concepts provides an intuitive description of their con-
tents, which contains rich semantic information. The keywords of
knowledge concepts are generated from the subtitles of course
videos and used as content features of knowledge concepts. Fur-
thermore, the representation vectors of content features can be
generated; and (2) Context features: In addition to using content

features to represent the contexts of knowledge concepts, there are
also rich contextual information, such as the relationships between
different entities in the continuous learning process. In order to
integrate the complex relationships between different entities,

t
s
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he context information is modeled as features when construct-
ng relationships of knowledge concepts. Specifically, we consider
he following four types of relationships in learning behavior
nstances.

Type 1: Rl
1, based on learning behaviors, Rl

1 represented
s a hit rate matrix of Learner→Knowledge ConceptAl

1 =
c1,1 c1,2 · · · c1,m

c2,1 c2,2 · · · c2,m

· · · · · · · · · · · ·
cn,1 cn,2 · · · cn,m

⎤
⎥⎦, about ci,j = 1 means that learner i has

licked on knowledge concept j during the learning process.
Type 2: Rl

2, Rl
2 describes the relationships between learners and

ourses, represented as a relationship matrix of Learner→Course

l
2 =

⎡
⎢⎣

l1,1 l1,2 · · · l1,p
l2,1 l2,2 · · · l2,p

· · · · · · · · · · · ·
lq,1 lq,2 · · · lq,p

⎤
⎥⎦, about li,j (1 ≤ i ≤ p, 1 ≤ j ≤ q) ∈

0, 1
}

, li,j = 1 means that learner i has selected course j during the
earning process.

Type 3: Rl
3, Rl

3 describes the relationships between learn-
rs and course videos, represented as a relationship matrix

f Learner→Video Al
3 =

⎡
⎢⎣

w1,1 w1,2 · · · w1,r
w2,1 w2,2 · · · w2,r

· · · · · · · · · · · ·
ws,1 ws,2 · · · ws,r

⎤
⎥⎦, about

i,j (1 ≤ i ≤ r, 1 ≤ j ≤ s) ∈
{

0, 1
}

, wi,j = 1 means that learner
 has watched video j during the learning process.

Type 4: Rl
4, Rl

4 describes a learner who  has studied a
ourse taught by a specific teacher, represented as a inter-
ctive matrix of (Learner→Course) & (Teacher→Course) Al

4 =
t1,1 t1,2 · · · t1,x
t2,1 t2,2 · · · t2,x

· · · · · · · · · · · ·
ty,1 ty,2 · · · ty,x

⎤
⎥⎦, about ti,j (1 ≤ i ≤ x, 1 ≤ j ≤ y) ∈

{
0, 1

}
,

i,j = 1 means that learner i has learned some course taught by
eacher j during the learning process.

Step 2. The meta-paths in heterogeneous information networks
re selected. The four types of relationships obtained in Step 1
escribe the interactive behaviors in the learning process, that
nable the complex relationships of five different entities: teachers,
earners, courses, videos, and knowledge concepts. These relation-
hips are further influenced by the content features and context
eatures of knowledge concepts, forming a heterogeneous infor-

ation network. The network is represented by node set V and
elationship set E, denoted as G =

{
V, E

}
(Definition 1). A het-

rogeneous information network corresponds to the node type
apping function � : V → N and a relationship type mapping func-

ion ϕ : E → R, where N and R are the sets of predefined node types
nd relationship types.

Based on the definition of G, the learning behaviors related to
TEM in MOOCs can be transformed into a heterogeneous infor-
ation network. The nodes in this network include five types of

ntities: teachers, learners, courses, videos, and knowledge con-
epts. They form four types of relationships Rl

1, Rl
2, Rl

3 and Rl
4. Based

n this heterogeneous information network, we can construct a
ulti framework for STEM learning behaviors, denoted as S = (N, R)

Definition 2). This framework describes G and two  mapping func-
ions, � and ϕ, it is a directed graph that incorporates the semantic
nformation and constraints of STEM education.

Based on the definition of S, the semantic information
entered around knowledge concepts between entities forms

he meta-paths MP, that are important components to con-
truct the framework and are defined as a continuous path
1

r1→2−→N2
r2→3−→·  · ·rl−1→l−→ Nl , that represents all relationships, denoted

s R = r1 ◦ r2 ◦ · · · ◦ rl to N1. For example, if one learner’s click
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behavior regarding a certain knowledge concept is propa-
gated to another learner, the meta-path can be described as

Learneri
click−→Knowledge Graphk

click
′

−→Learnerj . Similarly, we  can rep-
resent the meta-paths corresponding to Table 1 using the same
approach.

Step 3. The attention mechanism and the multi-layer graph con-
volutional neural network are fused. Due to the strong autonomy
and personalization of STEM online learning processes in MOOCs,
it is necessary to input the content features and context features
into a suitable graph convolutional neural network (GCN) to predict
and explore potential entity information. Therefore, in the analy-
sis process of GCN, it is important to achieve effective fusion of key
features and track the complete temporal sequences of the learning
process.

Given the heterogeneous information network G of STEM learn-
ing behaviors and the set of meta-paths MPs  along with their
corresponding adjacency matrix A, the related analysis process
requires a multi-layer graph convolutional neural network that
can fuse personalized non-linear features and propagate in a hier-
archical manner. The corresponding rules are represented as:
hl+1 = �

(
PhlWl

)
(l = 0, 1, · · ·) (Formula 1), where hl+1 represents

the new feature representation of relevant entities after propaga-
tion through the graph convolutional layers, and it is dependent
on hl . h0 represents the initial features of learners or course con-
tents. P is the adjacency matrix representing the meta-paths and
the self-connected matrix, which is related to the learning behav-
ior instances. � (·) represents a non-linear activation function of
neural network. In order to effectively identify a large amount of
noises presented in the learning behavior instances, we  adopt the
Noisy ReLU activation function to handle the uncertainty caused by
the learning behavior distribution towards a normal distribution,
which is defined as noisy ReLU = max (0,x + Y),  where x is the input
neuron value, and Y∼N (0, Random(x)) is a random variable.

To fuse the global features of learning process and effec-
tively capture the relationships between learners and courses,
as well as to deeply explore learners’ preferences regarding
knowledge concepts while considering the personalization and
autonomy of learning behaviors, we adopt an feature fusion method
based on attention mechanism, that is described as aTT

(
eMPi

)
=

exp
(

�
(

AMeMPi

))
∑

j ∈ |MP|
exp

(
�
(

AMeMPj

)) (Formula 2), eMPi
represents the entity rep-

resentation according to the target meth-paths, eMPj
represents

the entity representation of other meta-paths, AM is the trainable
attention matrix, and � is a non-linear aggregation function. In the
process of feature fusion, the correlations between meta-paths are
calculated by a feed-forward neural network.

Procedure

Based on the analysis results and corresponding definitions of
above three parts, the hybrid recommendation approach can be
derived from a massive amount of learning behavior instances,
which is supported by the explicit features and implicit features
of learners’ effective knowledge concepts. This approach tracks the
learning behavior tendency changes, analyzes the potential rela-
tionships, and explores potential learning interests. It constructs
the trajectory of the learning process and establishes an effective
order between learners and knowledge concepts (Kim & Tawfik,
2023). The analysis process of ReRo model is shown in Figure 3.

The meta-path tracing enables better inference of the entities cor-
responding to knowledge concepts associated with deep learning
routing. The related algorithm is described as Algorithm ERKC
(ERKC means Entities Related to Knowledge Concepts).

D

d
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Algorithm ERKC
Input: MPs//Meta path set;
A // It represents the adjacency matrix that is used to describe

he relationships
F //It represents the feature matrix of potential target entities
d //It represents the dimension of entity representation
Output: TE //it represent the target entities
Begin
Initialize TE ←− null

emppaths ←− null

o while each MPi ∈ MPs
∼A = A + I // I is the identity matrix; ∼A is also one adjacency

atrix related to a specific meta-path, that has has self connection.
∼D = diag(∼A) // diag(∼A) is used to find the Diagonal matrix,

D is the all-one vector.
P1 = P2 = P3 = · · ·P = 1√

(∼D)
· (∼A) · 1√

(∼D)
// P ∈ Ry×y, it

escribes the propagation process of content features or con-
ext features and converges to a stationary distribution, z is the
preading likelihood from knowledge concepts.

1 ←− F

2

Do while (True)
{Calculate hl by Formula 1

 = l + 1

f there are some features that have not been correlated and ana-
yzed

Then Continue
Else Break}
Return l and hl

emp paths ←− hl

EMP = hl

End while

TE =
|MPs|∑
l=1

exp
(

�
(

aTEMPl

))
∑

k ∈ |MP|
exp

(
�
(

aTEMPk

)) · TEMPl
TEMP = hl (Formula 3)//

MPs|

l=1

exp
(

�
(

aTEMPl

))
∑

k ∈ |MP|
exp

(
�
(

aTEMPk

)) is the weight of attention mechanism, a

s a regulatory factor.
Return TE
End.
ReRo model might consider and calculate the complete learn-

ng process, aiming to fully track the massive, sparse, and noisy
atures of learning behaviors (Xia, 2020b). Additionally, it ensures
he accuracy and reliability of learning behavior attributes and
arameter calculations (Xia, 2021c). ReRo model incorporates the
ttention mechanism and iterative operation of multi-layer graph
onvolutional neural networks. The analytical and procedural steps
uarantee the accuracy of uncovering potential interests in mul-
idisciplinary and multi-course knowledge concepts. Moreover, it
eliably predicts the meta-paths of deep learning routing.
ata (experiment) analysis

The training and testing experiments for ReRo model are
esigned and implemented based on the massive STEM learning
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Figure 3. The analys

behavior instances. We  sort all the data in ascending order accord-
ing to the temporal sequences and divide it into a training set and a
testing set in 8:2. The learning behavior instances record the traces
that learners participate in the learning process. During the train-
ing process, the knowledge concepts that the learners last clicked
are used as the predictive target, while the remaining data rep-
resents the historical behavioral trajectory. A negative example is
randomly generated to replace the target knowledge concepts. In
the testing process, the entire testing set serves as the potential
knowledge concepts to be learned, while within the training set,
the knowledge concepts of same learner represent the historical
learning sequences. To evaluate the hybrid recommendation effect
of potential knowledge concept interests, each positive example in
the testing set is matched with m negative examples to calculate
the prediction results for 1 + m learning behavior instances.

To evaluate the effectiveness of knowledge concept recommen-
dation, we will use Hit Ratio (HR@K) and Normalized Discounted
Cumulative Gain (NDCG@K) as the metrics. K will be set to 5, 10,
20, and 30 respectively, and the metrics will be calculated for every
1 + m instances. Given a recommended knowledge concept item
list Tl for learners, N represents the subset of learning behavior
instances in the testing set, and N represents the total number of

learners in the testing set, HR@K = 1
N

∑
l

I
(∣∣Rl ∩ Tl

∣∣) (Formula 4)

is calculated using the indicator function I (·).  A higher HR@K indi-
K

({
j
} )
cates the better model performance. NDCG@K = 1
Z

∑
k=1

2
I r

l
∩Tl
−1

log(j+1)/>

(Formula 5) is calculated using a normalization constant Z. Simi-
e
f
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cess of ReRo model.

arly, a higher NDCG@K indicates the better performance. Based on
he results of HR@K and NDCG@K, the performances will be fur-
her evaluated using Mean Reciprocal Rank (MRR) and Area Under
urve (AUC), which consider the average reciprocal values of posi-
ive ranking positions and the overall ranking performances.

Firstly, the performances are evaluated on the combination
f different meta-paths. During the experiment, we analyze the
mpact of multi meta-path combinations on ReRo model. The effec-
ive meta-paths can improve the efficiency and effectiveness of
earning behaviors. About the comparative experiments, the per-
ormances of each individual meta-path are also evaluated. Based
n Table 1, we select various types of meta-paths starting with
earners and teachers. The results of the four performance metrics
re shown in Tables 4 and 5.

Each individual meta-path has different performances, mainly
ue to the scale of heterogeneous nodes, which can affect the
orrelation of different entities. Since there are relatively few
rerequisite-dependency between learners and teachers for related
TEM courses, the evaluation metrics for each meta-path may not
e high. However, as the combination of meta-paths increases, the
valuation metrics of ReRo model significantly improve. When the
umber of combined meta-paths reaches its maximum, all four
etrics achieve better values. Different meta-paths demonstrate

ifferent associations around knowledge concepts, and a stronger
ssociation leads to more reliable and comprehensive description
f related entities.
Secondly, the parameter of ReRo model are evaluated. We will
valuate the parameters of ReRo model. The number of potential
actors in the learning behavior matrix decomposition is a cru-
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Table  4
Performances of meta-paths combination of learners centered on knowledge concepts

Learner Meta-path Combination HR@20 NDCG@20 MRR  AUC

MPl1 59.15% 40.17% 39.44% 88.19%
MPl2 52.33% 38.21% 36.75% 85.53%
MPl3 62.42% 47.39% 42.52% 88.94%
MPl4 50.36% 34.37% 31.90% 82.98%
MPl1&&MPl2 61.60% 42.44% 40.72% 89.05%
MPl1&&MPl3 66.57% 45.75% 43.58% 92.02%
MPl1&&MPl4 65.02% 47.15% 44.81% 89.99%
MPl2&&MPl3 68.54% 50.27% 47.38% 91.92%
MPl2&&MPl4 49.54% 37.21% 36.15% 87.46%
MPl3&&MPl4 64.01% 46.43% 43.95% 90.87%
MPl1&&MPl2&&MPl3 69.50% 51.43% 48.04% 93.11%
MPl1&&MPl3&&MPl4 64.29% 47.47% 45.62% 91.85%
MPl2&&MPl3&&MPl4 6737% 48.89% 46.53% 92.16%
MPl1&&MPl2&&MPl3&&MPl4 73.67% 52.62% 50.35% 94.83%

Table 5
Performances of meta-paths combination of teachers centered on knowledge concepts

Teacher Meta-path combination HR@20 NDCG@20 MRR  AUC

MPt1 62.30% 45.32% 40.72% 85.39%
MPt2 68.19% 48.61% 45.62% 86.17%
MPt3 72.91% 51.83% 48.42% 84.09%
MPt1&&MPt2 75.71% 53.25% 46.40% 89.74%

h
i
r
c
k
a

c
i
a
m

(

(

(

(

ing two low-dimensional potential factor matrices and models
MPt1&&MPt3 77.37% 

MPt2&&MPt3 82.26% 

MPt1&&MPt2&&MPt3 85.00% 

cial parameter. Different numbers of potential factors are obtained
from content features and context features. We  will use HR@K,
NDCG@K, MRR, and AUC to verify the number of potential factors
on ReRo model. K is set to 20, and the number of potential factors is
set to 5, 15, 25, 35, 45, and 55 respectively. The evaluation results
are shown in Figure 4. Data analysis reveals that when the number
of potential factors is set to 35, the performance of ReRo model is
more optimal.

Then, we further verify the influence of entity representation
on ReRo model, with the number of potential factors set at 35. The
dimension of entity representation is set to 40, 60, 80, 100, 120, 140,
and 160 respectively. The evaluation results are shown in Figure 5.
Data analysis reveals that when the dimension of entity represen-
tation is set to 100, ReRo model achieves superior performance
across four metrics, that indicates that when both learners and
knowledge concepts are represented as vectors whose dimension
is set 100, the processing capabilities of heterogeneous information
network improve the recommendation effectiveness. Therefore,
setting the dimension of entity representation to 100 might be a
suitable choice.

Thirdly, the explicit and implicit feature ablation experiment
of ReRo model is implemented. To further validate the effec-
tiveness of ReRo model in analyzing the explicit and implicit
features of STEM learning behavior instances, we need to com-
plete the ablation experiments based on the above two aspects
of experimental analysis. These experiments are used to recom-
mend potential knowledge concepts, that are involved three main
steps. Step 1, for the selection of knowledge concepts, we  employ an
implicit feature-based recommendation mechanism using the rank
of recommended items; Step 2, for the correlations of knowledge
concepts and the correlations between courses, we use an explicit
feature-based recommendation mechanism relying on predicted
concept scores; Step 3, by integrating the multi entity attributes
centered around knowledge concepts, along with their associa-
tions with Papers, Prerequisite-dependency, and Taxonomy, we
develop the hybrid recommendation mechanism that leverages

both explicit and implicit features, then analyze and calculate the
four metrics. The experimental results are shown in Table 6. (

193
55.63% 46.66% 90.81%
50.27% 54.52% 91.04%
55.59% 58.60% 92.88%

From the data distribution in Table 6, the four metrics of
ybrid recommendation mechanism combines the explicit and

mplicit features that surpass those of the individual features. The
ecommendation process associated with ReRo model can more
omprehensively utilize the features when they are acquiring STEM
nowledge concepts, effectively ensuring the robustness and reli-
bility of entire experimental process.

Finally, ReRo model and other related approximate models are
omparatively tested. Based on the experimental analysis and ver-
fication results of above three aspects, ReRo model and related
pproximate models are analyzed and compared in the experi-
ents, the corresponding comparative models are as follows:

1) BPR (Bayesian Personalized Ranking), it is a model based on
learners’ implicit features, provides learners with key recom-
mended items. It is a pairwise method that based on matrix
factorization, and might optimize the pairwise ranking loss of
the recommended task in a Bayesian way.

2) MLP  (Multi-Layer Perceptron), it is a type of feedforward artifi-
cial neural network that maps a set of input vectors to a set of
output vectors. MLP  can be seen as one directed graph consist-
ing of multi layers of nodes, where each layer is fully connected
to the next layer. Apart from the input nodes, each node is a
neuron (or processing unit) with a nonlinear activation func-
tion.

3) FM (Factorization Machines), it is a machine learning algo-
rithm based on matrix factorization, that is widely used in
advertisement estimation models and has greatly improved
performances. FM combines the advantages of SVM (Support
Vector Machine) and factorization models. Similar to SVM, FM
is a versatile predictor that can handle arbitrary feature vectors.

4) FISM (Factored Item Similarity Models), it is a project-based
method uses for generating top-N recommendation, which
learns an item-item similarity matrix constructed by multiply-
by using structural equations.
5) NAIS (Neural Attentive Item Similarity model), it is a model that

uses the attention mechanisms to analyze the historical learner
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Figure 4. The impact of potential factors on ReRo model.

behaviors that are important for future predictions. It has been
proven to be more effective than traditional item-based collab-
orative filtering, with stronger expressive power.

(6) NASR (Neural Attentive Session-based Recommendation), it is a
model that implements GRU (Gated Recurrent Unit) for sequen-
tial modeling. It improves the recurrent neural network and
handles long-distance problems in RNN well.

(7) Ackrec (Attentional Heterogeneous Graph Convolutional Deep
Knowledge Recommender), it is an attention heterogeneous
graph convolutional deep knowledge recommendation method
based on end-to-end graph neural networks, including multi
variations, Ackrec has been proven to achieve adaptive recom-
mendation of knowledge concepts. Like other recommendation
methods, it also has sparsity issues.
This study selects a processing flow that combines entity-based
heterogeneous context features and content features to describe

m
m
a
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Figure 5. The impact of entity representation on ReRo model.

ntity information networks. However, for meta-paths, the inter-
st propagation rules with three layers are fixed, so we implement
he multi-layer scheduling for optimal decision propagation. All

odels calculate four metrics when dealing with STEM learning
ehavior instances, with K set to 20 for HR@K and NDCG@K. The
xperimental results are shown in Figure 6. From the linear dis-
ribution of each performance metric, ReRo model demonstrates
he adaptability in handling heterogeneous information, meta-
ath combination, and knowledge concept recommendation by

mplementing multi-layer propagation rules. It fully considers the
ontent features and context features, making it superior to other
even compared models. The experimental analysis and verifica-
ion results of the above aspects indicate that the learning behavior
nstances might accurately meet the potential interest recom-
endation needs for STEM knowledge concepts in MOOCs, ReRo
odel achieves the fusion of heterogeneous information network,

ttention mechanism, and multi-layer graph convolutional neural
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Table  6
Metrics of ablation experiment

Procedure HR@20 NDCG@20 MRR  AUC
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Step 1 79.28% 55.84% 51.02% 88.69%
Step 2 77.30% 57.46% 49.51% 87.65%
Step 3 81.89% 59.94% 55.32% 90.07%

network, and also adaptively track and evaluate the experimental
results. The data analysis results and conclusions are reliable.

Results

The interdisciplinary nature and course connections of STEM
primarily come from the ability to contextualize knowledge con-
cepts. It plays a crucial role in the integration of different subjects
and courses, as there are potential and inherent relationships
between knowledge concepts. These relationships dictate the dis-
tribution of knowledge concepts during the learning process,
establishing a certain sequential order. Different knowledge con-
cepts also enable learners to explore and construct applicable
learning behaviors, they will also be related to the entire learn-
ing process of learners, and their online learning participation and
learning ability will also be accompanied by changes in the rep-
resentation of learning behavior characteristics and updates in
attribute values, making learning state, psychological process, and
learning behaviors integrated together (Gilligan-Lee et al., 2022).
Driven by knowledge concepts, learners can also focus on related
courses and even derive interdisciplinary topics, thus facilitating
their self-growth and the self-propagation of knowledge concepts
in STEM education. During the learning process, it is important
for learners to autonomously explore positive learning behav-
iors, implement more efficient learning modes, and achieve the
positive and sustainable learning attitude towards the learning pro-
cess (Ioannou & Gravel, 2024). So the learning process involves
the exploration, association, or propagation of personal interests,
gradually uncovering effective learning methods and achieving effi-
cient learning behaviors, resulting in high learning outcomes. The
sequences of such learning behaviors gradually promotes deep
learning routing (Solomon et al., 2022).

To some extent, the extensive utilization of online learning has
enabled the STEM education and deep learning strategies. Exten-
sive data analysis has discovered that STEM learners exhibit higher
enthusiasm for online learning in MOOCs, generating a vast number

of learning behavior instances, that provide critical data for describ-
ing, analyzing, and predicting the complete STEM learning process,
promoting the tracking and description of effective learning pro-
cess for knowledge concepts. It becomes the significant factor to
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Figure 6. Performances of c
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nfluence the formation of potential interests, guide and recom-
end the feasible learning tendencies accurately (Edelsbrunner

t al., 2023). Therefore, the research on the potential interest rec-
mmendation of STEM knowledge concepts and deep learning
outing has strong practical implications for the study and imple-
entation of deep learning in STEM education.
This study focuses on the massive STEM learning behavior

nstances in MOOCs, thoroughly analyzing and demonstrating the
otential interest recommendation of knowledge concepts and
eep learning routing. It presents corresponding research prob-

ems, designs the analysis and prediction model capable of tracking
he complete learning process, and verifies the reliability and
ccuracy through extensive experiments and comparative analy-
is. This section combines the four problems to analyze and infer
egular patterns based on the analysis results of ReRo model.
o we  select the corresponding courses related to four STEM
omains and learning behavior instances to argue and analyze
he four problems. The related courses are Science→Data Struc-
ure, Technology→Java, Engineering→Software Engineering, and

athematics→Advanced Mathematics. Drawing on the related
ntities and items in Tables 2 and 3, as well as the experimental
esults of ReRo model, the thorough analysis and pattern inference
ill be conducted for the four problems.

nalysis of key knowledge concepts

According to the key items in Table 3, the knowledge con-
epts of four domains’ corresponding courses are analyzed and
xtracted. ReRo model is applied to explore and calculate the poten-
ial interests of meta-paths and knowledge concepts, as well as
o construct their potential relationships, that results in the for-

ation of knowledge concept paths, as shown in Figure 7, each
omain’s course selects the top ten knowledge concepts, which are
lassified into two  categories: core knowledge concepts and associ-
ted knowledge concepts, The former plays an important guidance
n learning other knowledge concepts within the course, the lat-
er is closely related to the core concepts, and it also plays an
mportant role in the formation of course knowledge system by
earners. It can be observed from Figure 7 that all ten concepts of
dvanced Mathematics are classified as the core knowledge con-
epts. By tracking and predicting the related descriptive items and
earning behavior tendencies, the potential relationships between
nowledge concepts are derived, forming the distribution pattern

ith relatively strict learning sequences. In order to deepen the
nderstanding and application, learners need to follow their inher-
nt relationships of knowledge concepts (Daker et al., 2021). On
his basis, the relationships of knowledge concepts in each domain

omparative models.
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Figure 7. Distribution and relationships of key knowledge concepts.

Table 7
Data statistics and test results

Learning behavior Course
Knowledge concept relationship

Overlap Significance Overlap Significance

Efficient

Data Structure 96.30% 0.000*** 98.3% 0.000***
Java  80.44% 0.004** 85.48% 0.000***
Software Engineering 88.6% 0.009** 89.30% 0.002**
Advanced Mathematics 99.52% 0.000*** 95.42% 0.000***

Inefficient

Data  Structure 92.93% 0.075 53.03% 0.114
Java  79.35% 0.707 40.22% 0.894
Software Engineering 84.65% 0.809 46.00% 0.955
Advanced Mathematics 93.48% 0.067 55.09% 0.108

Invalid

Data  Structure 30.05% – 4.45% –
Java  21.17% – 2.32% –
Software Engineering 25.04% – 4.55% –

.63% 
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Advanced Mathematics 36

***p < .001, **p  < .01, *p < .05.

are trained. The overlap degree between them is compared, that
refers to the proportion of identical knowledge concepts or rela-
tionships in different domains, described as a percentage (Xia & Qi,
2023b). Learners’ assessment results are divided into three types:
Distinction and Pass as the first type, corresponding to the effi-
cient learning behaviors; Fail as the second type, corresponding
to the inefficient learning behaviors; and the third type defines
as learners who discontinued the learning process without assess-
ment results, corresponding to the ineffective learning behaviors.
The overlap degree is calculated in two parts: the consistency of
relevant knowledge concepts and the consistency of related rela-
tionships. Furthermore, using the overlap degree of knowledge
concepts and relationships as independent variables and learners’
assessment results as the observation variable, it is tested whether
the relationships of knowledge concepts significantly influence the
learning behavior routes in a given domain. After data statistics and

analysis, Table 7 is obtained.

From Table 7, it can be observed that the three different types
of learning behaviors correspond to the four domains’ respec-
tive courses. When the learning behavior is efficient, there is a

A

e
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– 6.60% –

igh overlap degree in knowledge concepts and their relation-
hips across the four courses. Particularly for Data Structures
nd Advanced Mathematics, the learning behavior routes exhibit
he strong significance. When the learning behaviors are ineffi-
ient, there is a high overlap degree of knowledge concepts across
he four courses, but the overlap degree in related relationships
ecreases significantly, this indicates that no significant learn-

ng behavior routes are formed. For ineffective learning behaviors
uch as dropout, learners have low engagement with knowledge
oncepts. Most learners have not covered all the knowledge con-
epts, resulting in very low overlap in both knowledge concepts
nd their relationships. Consequently, the significant tests cannot
e conducted. Therefore, the potential relationships of knowledge
oncepts significantly influence the routing tendencies of efficient
earning behaviors.
nalysis of knowledge concept clusters

Based on the core knowledge concepts and associated knowl-
dge concepts obtained from P1, as well as the potential
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relationships between them, the clustering of key knowledge con-
cepts in relevant courses of four domains is described in Table 3.
The distribution of associated items and meta-paths based on ReRo
model are used to analyze the clustering. As shown in Figure 8,
it can be observed that each core knowledge concept in Data
Structure and Advanced Mathematics is highly important for the
other domains, resulting in two main concept clusters. For the cor-
responding courses in the other domains, their core knowledge
concepts are divided into two or four clusters. The core knowledge
concepts of these four domains form clear association tendencies,
with Advanced Mathematics serving as an important prerequisite
course for other three domains. The core knowledge concepts of
Data Structure form the foundation for Java and Software Engineer-
ing, with Java driving the effective learning of Software Engineering.
The distinct links between the clusters of knowledge concepts in
different domains provide a clear knowledge system during learn-
ing these courses.

According to the analysis results of efficient learning behav-
ior instances for each course from P1, the data analysis results
reveal the cross-domain interest tendencies in the learning process.
By utilizing the meta-path routing and propagation strategies of
ReRo model, the potential learning behavior tendencies are tracked
and predicted among four domains. Through associated calcula-
tion and sufficient statistics, the correlation and significance of
learners’ attention to other domains are determined. The lower

part of Figure 8 illustrates the potential relationships driven by
knowledge concepts among four domains. Specifically, the effi-
cient learning behaviors in Software Engineering show significant
influences on the relevant knowledge concepts of Advanced Math-

s
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cepts and potential correlation.

matics, Data Structures, and Java. Similarly, the efficient learning
ehaviors in Java exhibit the personalized and autonomous enthu-
iasm for studying Data Structure. However, the efficient learning
ehaviors in Advanced Mathematics or Data Structure does not
uide strong attention or substantial intention towards Java and
oftware Engineering, the motivation for learners to learn these
wo  courses in association is weak, and there is no psycho-
ogical motivation or tendency to turn to multiple fields and
ourses.

Therefore, when learners engage with practical and applied
earning contents and demonstrate efficient learning behaviors,
hey actively establish the multi course connections and engage in
elf-directed learning driven by the principles and rules of related
TEM domains. This significantly influences their potential inter-
sts in other domains.

nalysis of specific knowledge concept learning paths

The knowledge concepts are clustered based on the test results
f P2, as well as the potential relationships are associated between
ifferent domains, that can be used to analyze the interrelation-
hips of knowledge concepts in four domains. By employing ReRo
odel and its corresponding meta-paths, efficient learning behav-

ors for the four domains are identified. With the knowledge
oncepts as nodes, the potential learning behavior routing with

trong correlations between knowledge concepts are constructed.
uring tracking learning behavior routing it is discovered that
ssociated knowledge concepts in Data Structure and Software
ngineering have become core knowledge concepts, the knowl-
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understanding of knowledge concepts and relationships in Data
Figure 9. Specific knowledge conce

edge concept labels Figure 9 are significantly different from those
in Figure 8. As a result, all ten knowledge concepts in Data Struc-
ture have become important prerequisites for learners to learn Java
and Software Engineering. The knowledge concepts of "process,"
m̈ethod,änd ẗoolïn Software Engineering have transformed into
core knowledge concepts during the formation of their potential
learning tendencies. The learning behavior routing formed between
knowledge concepts are consistent with Figure 8. Specifically, the
courses with stronger application and practice tend to prompt
learners to initiate the learning of related principles and knowledge
concepts from other courses more consciously. By selecting and
learning the knowledge concepts with problem-solving objectives,
learners can improve their learning motivation and effectiveness.
The potential learning behavior routing from Software Engineering
to Data Structure and Java is significant. In this way, the poten-
tial learning behavior routing from Software Engineering to Data
Structure or Java is closely related to knowledge concepts, indicat-
ing that Data Structure and Java are important precursor courses
for learning Software Engineering.

Therefore, when the efficient learning behaviors are applied
to study practical and applied courses, learners tend to focus
on and participate in specific knowledge concepts, using them
as the enabled conditions to explore related, similar, and asso-
ciated knowledge concepts, thereby forming the strong learning
behavior routing. Software Engineering clearly drives the learn-
ing enthusiasm of Data Structure and Java, and also drives learners
to systematically construct deep learning routing related to multi
courses and knowledge concepts, and promotes the definition and
use of more core knowledge concepts. It also significantly affects
learning behavior routing related to other STEM domains.
S
d

198
rning paths for different domains.

nalysis of deep learning behavior routing

P4. Based on the validation results of P3, we verify the effi-
ient deep learning behavior routing formed by learners among
nowledge systems of different domains. The test results of P3
eveal that learners autonomously focus on and reinforce the foun-
ational and theoretical knowledge concepts when engaging in
he learning of applied and practical courses. Moreover, learners

ight establish strong correlation between knowledge concepts
cross different STEM domains. To further explore the efficient
eep learning routing among these four STEM domains, ReRo
odel generates corresponding meta-paths and core knowledge

oncepts. Additionally, new core knowledge concepts that emerge
uring the inter-domain associations in the testing process of P3
re identified. Using the efficient learning behavior instances for
raining and testing, a thorough analysis of P4 is achieved to con-
truct a feasible and efficient deep learning routing, As shown in
igure 10, this implies that learners need to develop a solid and
table learning effect across four STEM domains, that effectively fol-
ows the learning process from theory to application. Furthermore,
earners should establish a strong knowledge system among core
nowledge concepts in related courses to fully comprehend the
rinciples, practical requirements, and application rules. This will
lso enable more effective associations with other STEM domains
o provide efficient accumulation of prerequisite knowledge con-
epts. So the descriptive sequence of the deep learning routing is:
Mathematics→Data Structure)→Java)→Software Engineering.

In the case presented in this study, it is advisable to first sys-
ematically learn Advanced Mathematics, followed by a deeper
tructure, then proceed to Java with the goal of engineering
evelopment. Software Engineering exhibits more significant asso-
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Figure 10. Deep learning

ciation and intersection with other knowledge concepts. This
establishes the effective routing strategies for deep learning within
four STEM domains. From the analysis results, it can be inferred
that the deep learning of related STEM courses requires learn-
ers to respect the regularities of learning contents and develop
a coherent knowledge system for core knowledge concepts (Chu
et al., 2022). Furthermore, based on the data analysis of the four
corresponding courses, it can be observed that an exceptional
computer manager, particularly a software engineer (Architect,
algorithmist), must possess a strong mathematical background,
theoretical learning background, and research and development
experience.

Through the analysis and test of above four problems, it has been
found that there are the strong correlations among the knowledge
concepts in the STEM domains. Additionally, a knowledge system
has been formed in each domain. The efficient learning behaviors
occur within these correlations, leading to the potential learning
tendencies and forming corresponding learning interests. This facil-
itates the systematic learning and enables the establishment of
knowledge systems. Regarding the online learning behaviors of
achieving positive and proactive learning psychological awareness,
the solid deep learning routing might be constructed and propa-
gated.

Discussion

With the emergence of online learning platforms such as
MOOCs, the autonomy and personalization of online collaborative
learning have been well demonstrated, especially in STEM educa-
tion. Meanwhile, The psychological changes and learning attitudes
of learners in online learning process will also be displayed through
the correlation analysis of learning behavior instances, and posi-
tive learning behavior routing will be derived through the analysis

of the complete learning process. Key influencing factors, potential
relationships, and change characteristics will be explored for nega-
tive learning outcomes or dropout phenomena, and timely tracking,
warning, and intervention will be implemented to sustainably

d
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ng in different domains.

uide and improve learners’ initiative and positive enthusiasm (Van
oe et al., 2024). Teachers are no longer direct guides in the learn-

ng process, as learners can engage in course learning anytime in
OOCs. The entire learning process is initiated and explored by

he learners themselves (Arizmendi et al., 2023). In learners’ self-
irected engagement, the generated data in MOOCs becomes the
irect description of learning behaviors. However, despite learn-
rs having ample agency, online learning has also brought about
arious challenges. One key issue is that learners struggle to effec-
ively analyze the relevant knowledge concepts and understand
here relationships. Faced with vast learning contents, learners are
rone to getting lost with massive negative psychological experi-
nces, that may  even prematurely discontinue the learning process
Borrella et al., 2022). This inability to achieve effective learning
utcomes not only hampers the full utilization of MOOCs resources,
ut also impacts the scheduling mechanisms of the learning pro-
ess. This drawback is particularly detrimental in STEM education,
hich involves the association and integration of knowledge con-

epts across multi subjects and courses (Guo et al., 2023).
Adequate data analysis and problem verification indicate that

nterest-driven learning of STEM knowledge concepts in MOOCs
s active, that might enable the effective learning behavior rout-
ng, contribute to enhancing learner participation and gradually
onstructing deep learning routing with interrelated knowledge
oncepts from multi courses in different domains. This study
ocuses on the exploring and prediction of potential interests
uring learning the knowledge concepts. By extracting the multi
eatures, defining the meta-paths, as well as completing the fea-
ure fusion helped by the attention mechanism and multi-layer
raph convolutional neural network, we have achieved the corre-
ation analysis and efficient prediction of STEM learning behavior
nstances. The whole analysis and prediction process has been
roven to reliable and effective.
STEM involves four domains that have many connections and
ifferent associations, forming various subjects, even hot topics and

ssues. The widespread application of MOOCs has promoted the
haring and propagation of high-quality STEM courses, facilitated



i
o
t
k
e
c
l
l

C

g
i
i
t
a
i
o
f
t
c
t
p
l
b

e
f
r
r
c
t
k
r
e
g
r
l
k
i
s
a
b
a
w
c
a
l

l
o

X. Xia and W Qi 

the formation of course knowledge framework, and enabled the
integration and fusion of STEM-related course concepts. According
to the four domains of STEM, this study analyzes and demonstrates
the relationships between different courses, proves the logical
correlation of knowledge concepts and their drives self-directed
learning. Case studies have found that the applied and practical
courses make it easier for learners to develop the strong inter-
ests in related foundational or theoretical knowledge concepts, and
derive systematic and solid mathematical and scientific learning
outcomes, guiding learners to gradually build effective deep learn-
ing routing. Two main decision recommendation are deduced from
this study:

(1) Construct a multi-layer knowledge concept learning method
with an application-oriented practice background. During the
STEM educational process, the courses are often categorized
based on their designations. For example, many programs
define mathematics as a core prerequisite course, which is
then further divided into different courses that can be shared
across different learning periods. Learners need to complete
the required credits before moving on to subsequent learning
contents. Within the definition of professional courses, some
are classified as core courses, which directly teach principles,
methods, and rules related to the professional skills, while
others are elective courses that are still related to different
majors but offer different research directions, allowing learners
to make personalized choices based on their professional inter-
ests. Regardless of different courses, if learners only focus on
the internal knowledge concepts and relationships, they may
find it difficult to understand the meanings and applications of
those complex mathematical formulas, theorems, and lemmas,
making it challenging to their learning objectives or research
directions. Learners struggle to ensure the applied fields and
practical ways of knowledge concepts, resulting in a passive
learning process.

Therefore, it is more beneficial for a teacher with a systematic
professional background to explore and catalyze learners’ potential
interests and stimulate their active learning motivation, in order to
develop the psychological awareness of continuous learning (Silva
et al., 2023). To some extent, learners might strengthen their higher
requirements on the exposition of knowledge concepts and the
process of video explanations. Through sufficient heuristic case
teaching, learners are given appropriate guidance to drive their
self-discovery and problem-solving abilities.

(2) Deepen the understanding and expansion of foundational and
theoretical knowledge concepts in engineering development.
Regarding the whole analysis of interest mining in knowledge
concepts and deep learning routing involves P2 and P3, this
study has demonstrated that when learners study the knowl-
edge concepts of Software Engineering, they actively associate
them with Advanced Mathematics, Data Structure, and Java,
these courses they may  have studied before. To deepen their
understanding and expand their current course’s knowledge
concepts, learners are likely to choose and consolidate the
related contents from other related courses. The propagation
of learning interests might enable to form the multi course
knowledge system of some particular domain. Conversely,
when learners start with foundational and theoretical knowl-
edge concepts, they do not necessarily explore the associated
applied and practical courses. Furthermore, the foundational

and theoretical knowledge concepts should be introduced ear-
lier than engineering development courses, but if learners focus
only on foundational and theoretical courses without the guid-
ance and implementation strategies of engineering practice

e
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cases, the learning outcomes may  be significant worse. Learn-
ers can develop negative emotions about course learning due
to the complexity of knowledge concepts and reasoning pro-
cesses, and even discontinue their learning process midway.
This further confirms the needs to create ample engineering
development contexts to facilitate the effective deep learning
routing.

Therefore, the STEM course learning should follow the engineer-
ng development processes and realize the linearity and coherence
f knowledge concepts. In engineering practice, we  might deepen
he understanding and expansion of foundational and theoretical
nowledge concepts by combining theory with practice. During the
xplanation of engineering courses, the relevant knowledge con-
epts of core courses should be appropriately linked, providing
earners with assistance and instructions to establish the multi-
ayer iterative and correlated knowledge system.

onclusion

STEM education aims to promote the interdisciplinary inte-
ration of multi subjects and courses, creating the closely
nterconnected knowledge system, driving learners to engage in
nterdisciplinary learning with proactive actions and positive atti-
udes. The learning process often involves the interrelationships
nd constraints among various concepts, where the understand-
ng of prerequisite concepts might be very essential for the study
f particular courses, moreover, some courses may  serves as the
oundation for subsequent related courses. About the traditional
eaching models, the limitations and topological order between
oncepts are determined by teachers’ syllabus and teaching task,
his is one common passive learning approach that often fails to
rovide learners with a comprehensive understanding of related

earning contents, leading to the disengagement and disconnect
etween knowledge acquisition and practical application.

In this study, we  analyze and demonstrate the potential inter-
st recommendation strategies and deep learning routing schemes
or STEM knowledge concepts in MOOCs. We  have designed
elevant models and methods that integrate the selection and
ecommendation of learning contents. Nonetheless, it remains a
hallenge to empower learners to autonomously establish effec-
ive relationships to better connect and correlate the relevant
nowledge concepts based on their learning backgrounds and cur-
ent study materials. To address this challenge, our study first
nhances the natural fusion approach based on the end-to-end
raph convolutional neural network, that is used to convert the
ich heterogeneous context features and content features of STEM
earning behaviors into an effective recommendation process for
nowledge concepts. This approach establishes a heterogeneous
nformation network that centers around knowledge concepts,
upporting multi entities, features, and courses in a more natural
nd intuitive manner. Secondly, we propose the learning method
ased on graph convolutional neural network and attention mech-
nism, that might explore and represent the meta-paths through
hich different entities can successfully propagate the knowledge

oncepts each other. This study enables the effective association
nd clustering of knowledge concepts and the formation of deep
earning routing.

Extensive experiments analyze and verify a wealth of STEM
earning behavior instances in MOOCs. The results indicate that
ur proposed methods can effectively and reliably identify learn-

rs’ potential interests in knowledge concepts and provide accurate
nd suitable recommendation, facilitating precise deep learning
outing. However, it is important to note that this study focuses
n STEM learning behavior instances, and further experiments and
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validation are needed to assess the generality and robustness of our
methods, particularly when applied to new STEM learning behav-
ior instances, it is argued that the number of convolutional layers
may  require further adjustment and optimization. Meanwhile, our
research focuses on the four domains of STEM. As we all know,
with the increasing interdependence between disciplines, STEM
has expanded to STEAM (Science, Technology, Engineering, Art, and
Mathematics). Art has also been proven to have a certain potential
relationship with the four domains of STEM. STEAM has expanded
the breadth of knowledge concept propagation, and the related fea-
tures, attributes, and relationships have become more complex, the
interdisciplinary connections and intersections are closer and more
comprehensive. For the larger interdisciplinary network formed
by the association between the five domains of STEAM or more
social sciences and natural sciences (DeLuca et al., 2024), further
data analysis and method testing are needed, and more compre-
hensive and sufficient iterative prediction and calculation will also
be needed for learners. The correlation and intersection between
disciplines are closer and more comprehensive. As learners relate
their learning goals to more disciplines, courses, knowledge, and
even specific sub goals and sub needs, this poses greater chal-
lenges for sustainable online learning processes and also leads to
more complex problems. As the key participants of entire learning
process, learners need to achieve organic integration and adaptive
scheduling of more diverse disciplines, courses, knowledge con-
cepts, attributes, features, and resources, this is because learners
are more prone to burnout and boredom during multi associated
learning processes, and even completely abandon online learning.
Accurately describing the learner’s state and tracking psychologi-
cal changes throughout the entire teaching and learning process is
crucial. Cognition will also be accompanied by greater expansion
challenges and deep reinforcement, and the exploration of related
learning behavior tracking and deep learning routing will be more
difficult. However, the method design and problem testing of this
study provide a feasible analytical approach for more interdisci-
plinary and related studies, and also achieve the innovative design
and analysis of key parts for sufficient argument about STEAM, that
should potentially involve the definition of new problems, as well
as the optimization or redesign of new methods and patterns. Our
work might verify the feasibility of knowledge concept propaga-
tion and deep learning routing formation through massive and real
online learning behavior instances, and derives relevant imple-
mentation decisions and rule, which could have more practical
significance, and provide a certain decision basis for the construc-
tion and reliability testing of subsequent STEAM related issues
(Guimerans-Sanchez et al., 2024). We  have be aware of this issue
and will implement the corresponding research in a phased manner
in subsequent research work.

Hence, in the future study, it is suggested to expand the
categories of features and types of meta-paths for STEM or
STEAM knowledge concepts, explore more factors influencing
learners’ potential interests, guide learners in constructing more
rational deep learning modes, drive effective learning behav-
ior routing, improve learning outcomes, optimize learning state,
build psychological awareness of self-directed learning, explore
adaptive learning strategies, and achieve more effective data anal-
ysis and decision recommendation for online STEM or STEAM
education.
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