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Driving STEM learning effectiveness: dropout
prediction and intervention in MOOCs based on
one novel behavioral data analysis approach
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With the full application of MOOCs online learning, STEM multidisciplinary and knowledge

structures have been achieved, but it has also resulted in a massive number of dropouts,

seriously affected the learning sustainability of STEM education concepts, and made it dif-

ficult to achieve learning effectiveness. Based on the massive STEM learning behavior

instances generated by MOOCs, as well as the entire learning periods, this study considers

some key explicit and implicit features associated with learning behavior, and achieves the

fusion of convolutional neural network and recurrent neural network through data-driven

approaches, incorporates long short-term memory mechanism to develop dropout prediction

methods and models. Based on the experimental results, we also discuss the relevant pro-

blems of dropouts related to STEM learning behavior, explore the key dropout temporal

sequences of the learning process, identify related factors that have key impacts on learning

behavior, and deduce intervention measures and early warning suggestions. The entire study

can provide effective methods and decisions for researching the STEM learning behavior of

MOOCs and has strong research feasibility and urgency.
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Introduction

STEM is a broad term covering a range of interdisciplinary
disciplines and skills that integrate science, technology,
engineering, and mathematics (Flegr et al., 2023). Its

objective is to help learners develop professional knowledge and
abilities (Buckley et al., 2023), foster their conscious awareness of
participating in interdisciplinary research, enhance their ability to
discover new information, encourage critical thinking, promote
theory and practice in related fields, improve scientific technol-
ogy, and enhance talent competitiveness and adaptability
(Evenhouse et al., 2023). Many countries have recognized and
implemented STEM education, which has facilitated the devel-
opment and application of interdisciplinary studies while gra-
dually integrating STEM theories into various educational
processes (Weston et al., 2023). MOOCs have accelerated the
popularization and development of STEM education, enabling
many learners to gain access to STEM learning opportunities and
acquire essential learning behavior and effectiveness. Moreover,
the abundant learning resources of MOOCs provide technical
support for recommending and guiding interdisciplinary STEM
knowledge, which makes MOOCs an essential mode of the online
learning process (Dash et al., 2022).

MOOC is a newly emerging online course development model
that originated from publishing resources, learning management
systems, and integrating learning processes with more open
network resources (Chen et al., 2021). MOOCs are large-scale
online open courses that are distributed on the internet and
organized by learners with a spirit of sharing and collaboration to
enhance knowledge propagation. MOOCs and online courses
have similarities in that they both achieve online education,
forming a new, interactive, and open learning process. They give
new meanings to teaching and learning, bring profound changes
and impacts to education, and promote the optimization and
updating of educational concepts, educational ideas, educational
models, and teaching methods. But they also have differences.
Firstly, learners who participate in online courses have little
interaction with others. The teachers and peers in class have
nothing to do with themselves. MOOCs allow learners to interact
with teachers and peers and even form a learning social network.
Secondly, the videos of online courses are usually quite long, and
most of them record the complete classroom teaching process of
the teacher, which is not conducive to the participation of lear-
ners with limited time. The duration of MOOC courses is rela-
tively short, usually with a complete knowledge point as the
teaching sub-objective, which is conducive to learners using
fragmented time sufficiently. Thirdly, there is no requirement for
the class time of online courses, as long as learners are willing to
learn, they can study the course at any time; MOOCs have time
requirements, with each course having a specific start time and
corresponding periods. Fourthly, online courses do not have
serious requirements for homework and exams, nor do they have
related quizzes, which greatly require learners’ self-control. But
MOOCs are completely different, learners need to complete
homework and projects, and participate in the verification of
course learning, reflecting the phased learning quality through
quizzes (Primario et al., 2022).

Therefore, for STEM education with obvious demands for
interactivity and collaboration, Meanwhile, there are correlations
and limitations between the knowledge of STEM courses,
MOOCs are more suitable for providing effective support for
their learning process and learning resources. STEM also needs to
deploy relevant assessment methods to timely test learning
effectiveness, identify problems in the learning process, and
provide learners with appropriate guidance and intervention
(Ramadhan et al., 2023). MOOCs provide valuable inter-
disciplinary learning resources and interactive online modes that

are used to support personalized STEM learning behavior, but are
still struggling with high dropout rates among learners (Rahimi,
2023). While MOOCs have expanded access to quality education
and promoted equity and diversity in education (Khor and
Darshan, 2022), the pedagogy and objectives of STEM education
have not been effectively implemented through MOOCs. The
associated learning resources fail to consider the relationships
between disciplines and knowledge graphs during production and
recommendation (Xia and Qi, 2022; Mourdi et al., 2023), and
learning processes rely primarily on learners’ needs (Cristea et al.,
2023). However, if these needs are not achieved through the
exploratory and effective tracking and analysis of learning beha-
vior, learners may encounter some problems that remain unre-
solved, leading to negative emotions and eventual dropout
(Anttila et al., 2023; Xia and Qi, 2023a). The integration of STEM
and MOOCs has also formed some tracking methods and eva-
luation methods, and some researchers have provided some
theoretical and applied results in this area of research (Primario
et al., 2022).

In addition, learning behavior has a ripple effect and affects
course selection if a learning course has low participation or a
high dropout rate (Labrovic et al., 2023; Gupta et al., 2022). This
is directly related to the organization of online learning content
and the video quality of courses (Chu et al., 2022). Firstly,
videos of courses rely heavily on teachers and cannot track
learners’ real-time progress, making it challenging to accom-
modate too many individual learning needs (Jansen et al., 2022).
Secondly, learners cannot provide direct feedback to teachers
during the learning process. When problems encountered by
learners cannot be effectively addressed or communicated, it
hinders their learning experiences (Santos et al., 2023). The
source of high dropout rates have already explored in business
(Ortiz-Lozano et al., 2023), applied linguistics (Cervantes-Soon
et al., 2017), psychology (Boumparis et al., 2023), management
(de Oliveira Marques et al., 2023), and literature (Alves et al.,
2023), etc., resulting in low participation in corresponding
courses, low learning enthusiasm and interest among learners,
and a high risk of frustration. These courses are not overly
relevant in terms of knowledge correlations, learners do not
need to associate too many precursor courses when learning a
new one, and they can solve many problems by exerting their
own learning enthusiasm and exploration. However, there are
still a large number of learners who have not completed the
complete learning of a course and give up halfway. For
STEM courses with strong knowledge correlations and condi-
tional constraints, as well as the demand for strong interaction
and collaboration in application practice, the potential high
dropout rate is more worthy of attention. Its research presents
greater difficulty and will also put forward higher requirements
and goals for research methods (Gallagher and Lamb, 2023).
Therefore, the dropout problems cannot be ignored for the
STEM learning process in MOOCs. Due to the unique demands
of STEM education, the reasons for dropout are bound to have
their characteristics, making effective MOOC dropout predic-
tion critical for STEM.

This study defines STEM-related courses and relationships,
collects complete learning behavior instances from MOOCs, and
explores dropout prediction methods and tracking processes for
STEM learning behavior. It utilizes data-driven model design and
behavior pattern analysis to locate the temporal sequences and
key factors of dropout. Furthermore, based on the propagation
theory of learning behavior (Xia and Qi, 2023b), this study pro-
poses potential dropout risks and intervention measures for new
STEM courses and learners, with the aim of providing key stra-
tegies for benign guidance.
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Related work
Researchers have begun to explore the advantages of MOOCs for
institutions, teachers, learners, and the learning process. MOOCs
have a vast amount of learning resources and service modes, as
well as a certain tracking mechanism, but this may not be
applicable to all learners (Benoit et al., 2024). The resources,
services, interactions, collaborations, and application practices
that learners need may not necessarily be met by MOOCs, or
when learners have misunderstood their intentions, interests, and
preferences, and their learning goals cannot be effectively
addressed through the existing resources and services of MOOCs
(Taranto et al., 2021; Ramadhan et al., 2023). The learning
experiences might be relatively negative, and even drop out
directly. Although researchers have found that the resources and
services of MOOCs depend more on resource providers and
service implementers, resource sharing and service follow-up
without or with little consideration for learners’ own learning
backgrounds and interests are inefficient or ineffective. But the
key value of MOOCs is to provide high-quality education for
those who cannot access it (Taranto et al., 2021). However, how
to define “high-quality” open online education remains to be
determined. This poses many learning risks for STEM education
that uses MOOCs as the learning environment (Dhiman et al.,
2023). Learners are unable to construct positive and effective
learning behaviors for a STEM course in a short period, and they
have psychologically abandoned the entire learning process
before discovering their interests and problems. This is very bad.

An important teaching consideration for MOOCs is that the
presence of teachers cannot be ignored (Mandari et al., 2023).
Due to the fact that enrollment can easily reach thousands, the
relationships between teachers and learners in MOOCs are clearly
different from traditional offline classrooms. Many teachers are
prone to reflecting their dissatisfaction and even disgust with the
communication and collaboration process with learners (Benoit
et al., 2024). It is difficult for teachers to translate classroom
teaching practice into tacit communication and collaborative win-
win among a large number of learners (Primario et al., 2022).
MOOCs have not promoted the construction of positive and
effective interpersonal social relationships between teachers and
learners, as well as between learners and peers. The learning
process is easily reduced to individual behaviors, which is defi-
nitely an important factor that makes STEM education prone to
dropout (Dhiman et al., 2023). Both course developers and tea-
chers have the opportunity to reconsider the presentation of
course resources in order to effectively support the learners and
learning processes. It is extremely necessary to improve the new
mechanisms and tasks of teacher roles in MOOCs, in order to
achieve effective online classroom management in STEM (Mar-
tinez and Ellis, 2023). To provide teachers with more learning
process data, enabling them to develop new strategies and timely
deploy the relationships and constraints of STEM knowledge in
order to enhance their influence in teaching. This requires a
deeper understanding of the key value and effective strategies that
a single teacher can use to bring more MOOCs to learners
(Gallagher and Lamb, 2023).

In addition, the educational aims and scopes of MOOCs vary,
and the different learning objectives, methods, and tasks of STEM
also determine the different management methods and service
scheduling modes (Alrajhi et al., 2023; Ramadhan et al., 2023). In
recent years, improving STEM education has been identified as a
major goal by organizations such as the National Academy of
Engineering and the National Science and Technology Com-
mission in the United States. MOOCs have not ignored the
promotion of STEM education. A literature review found that
although researchers have begun to explore the sustainable
tracking, feedback, and decision of STEM courses in MOOCs,

sufficient analysis and prediction of massive STEM learning
behavior instances have not been argued through key and effec-
tive research, evaluation, and practice (Mandari et al., 2023). The
purpose of this study is to take the complete learning process of
STEM in MOOCs as the research scenario, take massive learning
behavior instances as the research object, complete sufficient
correlation analysis and reliable modeling of the associated
attributes, features, parameters, structures, and relationships,
explore and predict the key potential factors that affect the
occurrence of STEM dropout, and design innovative and feasible
methods and techniques to derive effective conclusions and
suggestions (Benoit et al., 2024).

The accumulation of STEM learning behavior instances con-
tinues through the opening and participation in related courses.
However, during the initial stages of learning behavior formation,
the scale of learning behavior instances is small, making it diffi-
cult to obtain accurate and reliable analysis results. The analysis
process also requires high computing resources and has many
limitations, resulting in significant outliers (Zhang et al., 2022).
While long-term accumulated STEM learning behavior instances
can produce better dropout prediction results in small-scale data
analysis, it directly impacts course selection and recommendation
and significantly reduces the effectiveness of late-stage interven-
tion in the learning process (Mubarak et al., 2022). Therefore, a
suitable temporal sequence is necessary to implement dropout
prediction for STEM learning behavior, as it produces better
predictive results and avoids predicting too late, which is a crucial
issue (Mubarak et al., 2022).

After reviewing and sorting out relevant references (Cara et al.,
2022; Zhu et al., 2022), it is found that the dropout prediction
process of STEM learning behavior mainly focuses on two
aspects:

Firstly, the complete learning behavior instances of a certain
STEM course are directly used for modeling and prediction. As
learners are still participating in the course, it is difficult to
identify which learners have negative emotions. Therefore,
unsupervised machine learning methods are needed to cluster
learning behavior (Xia and Qi, 2023c), thereby clearly dividing
learners into two categories: dropout and non-dropout. However,
this aspect ignores the relationships between different courses, as
well as the feasibility and possibility of learners constantly
changing goals between these courses. It is limited to only ana-
lyzing the independent data of a single course (Mccarthy et al.,
2021).

Secondly, modeling STEM learning behavior instances from
the entire learning platform is used for dropout prediction of
related or similar courses (Parviainen et al., 2020). As different
courses on MOOCs have similar learning behavior patterns, they
belong to the same STEM field and share common feature
descriptions, the dropout prediction model can be directly
applied to multiple courses. Currently, the dropout prediction
models used in STEM learning behavior mainly focus on this
aspect. However, the features and relationships analyzed during
the dropout prediction process are affected by the data definition
and rule constraints of MOOCs, which is needed to improve the
analysis of implicit features and latent relationships (Xia and
Wang, 2022). At the same time, the negative propagation of
learners’ dropout tendencies requires the dropout tracking pro-
cess to consider the temporal sequences associated with the
learning process (Guo et al., 2023; Xing et al., 2016).

Based on the second aspect, this study first mines the learning
behavior instances associated with courses and interactive
learning activities that have a large number of registrations and
then thoroughly trains and tests the dropout prediction model.
Secondly, the start time of the learning process is recorded, and
the STEM learning behavior instances required for setting the
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predictive indicators are analyzed by sequential data for pre-
dicting dropout, which provides a reference for the study and
application of dropout prediction models for MOOCs learners.
On this basis, we consider the modeling and association of
STEM-related learning behavior instances in order to effectively
drive the dropout prediction model to be applied in MOOCs. The
model is trained using historical learning behavior instances to
predict new or associated courses, obtain the more feasible
learning behavior routes, and then provide relevant decision
strategies and intervention measures to explore the relationships
between learning behavior instances and predictive indicators.

Data standardization and problem description
To achieve the effective dropout prediction of STEM learning
behavior, this study selects the massive learning behavior dataset
from the Open University UK (Download address: https://
analyse.kmi.open.ac.uk/open_dataset), which has been desensi-
tized and standardized, and anonymized for relevant courses,
learners, and learning periods etc. However, it can be confirmed
that DDD, EEE, and FFF are three STEM courses which have
been described in this dataset. The dataset includes complete
learning behavior instances for the entire periods, covering four
learning periods in total, which are labeled as 2013B, 2013J,
2014B and 2014J, respectively, “B” is for the presentation starting
in February and “J” is for the presentation starting in October. In
the data analysis process of this study, we directly used the labels
of some attributes and features so that readers can directly cor-
respond to the relevant dataset, which helps understand and
apply the meaning and relationships of learning behavior
instances. The dataset is large in scale and fully records learners’
relevant registration information. Based on the key descriptive
features of learning behavior, more complex relationships are
constructed. Learning behavior descriptions include learners,
courses, interactive learning activities and click rates. Learners
and courses might be directly obtained from the dataset, while
interactive learning activities need to be explored based on rele-
vant conditions, and then corresponding click rates will be cal-
culated. Before analyzing and calculating the corresponding data
for interactive learning activities, we might ensure the classifica-
tion conditions to achieve the data association.

The complete learning behavior instances of four learning
periods for courses DDD, EEE, and FFF are obtained, and the
abnormal values are analyzed and distinguished. As each course
has various interactive learning activities for each learning period,
the corresponding descriptive data has multiple characteristics.
Although learners’ online learning methods are relatively perso-
nalized, the types of interactive learning activities for the different
learning periods are different. In the 2013J and 2014J periods,
Content and Resources are the common interactive learning
activities for learners. For differential interactive learning activ-
ities, 2013J focuses on the Forum and Homepage, while learners
tend to participate in the Subpage and URL in 2014.

Learners’ profiles and Learning backgrounds, to some extent,
influence learning behavior, which has been proved in previous
academic research (Mccarthy et al., 2021). Based on the com-
position of the dataset and learners’ descriptive attributes, the
factors influencing dropout behavior in three STEM courses need
to consider learners’ profiles and Learning backgrounds. As
learners can generate abnormal values in multiple interactive
learning activities, i.e., interactive learning activities mutually
influence each other, the validation of STEM learning behavior
will define potential variables and observation variables for the
tested problems based on the analysis of learners’ profiles,
Learning background, and learning behavior. The entire research
framework is defined in Table 1. Observation variables related to

Demographic Information, Learning Accumulation, and Assess-
ment can be directly obtained from the dataset. The relationships
between interactive learning activities and courses, as well as their
learning periods, require flexible establishment of observation
variables. Since Learning Behavior involves many types of inter-
active learning activities, the distribution of related interactive
learning activities for the three courses is statistically analyzed. As
shown in Table 2, we can see that the distribution of interactive
learning activities is different. The participation scale of some
interactive learning activities is very large, such as Content.

Learning behavior of three courses is divided into two types:
dropout and non-dropout, respectively, to test whether Demo-
graphic Information, Learning Accumulation, and corresponding
observation variables can affect the two types of Learning Beha-
vior. Whether the selection of interactive learning activities can
affect the participation of other activities, whether interactive
learning activities can affect learners’ Learning Behavior and
Assessment, these problems will directly or indirectly affect
learners’ dropout trends and will inevitably affect the predicted
results of STEM dropouts.

The prediction process of STEM dropouts requires first
demonstrating and constructing the potential relationships

Table 1 Related factors of STEM learning behavior.

Latent variable Observation
variable

Description

Demographic
information

GD Gender
RN Region
IMD IMD band
AGE Age band
DY Disability

Learning accumulation NPA Number of previous
attempts

SC Studied credits
HE Highest education

Learning behavior AT Activity type
Assessment FR Final result

AST Assessment type

Table 2 Activity distribution of learning behavior.

Activity_type Description DDD EEE FFF

DtP Data plus √ 20
DlP Dual pane √ 3 √ 17
xQz External quiz √ 26
Fdr Folder √ 2
FrD Forum discussion √ 53 √ 15 √ 25
Gly Glossary √ 5 √ 4
HPg Home page √ 4 √ 3 √ 4
Hty HTML activity √ 4
Cbt Collaborate √ 14 √ 7 √ 47
Ctt Content √ 45 √ 139 √ 419
Lnt Illuminate √ 16
Wki Wiki √ 16 √ 7 √ 26
WPg Web page √ 1 √ 11 √ 86
Qtr Questionnaire √ 57
Quz Quiz √ 6 √ 44
Rty Repeated activity √ 5
Rsc Resource √ 706 √ 103 √ 454
SSP Shared sub-page
SPG Sub-page √ 611 √ 21 √ 215
URL Universal resource

locator
√ 223 √ 21 √ 522

Distribution scale 1708 336 1967
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between interactive learning activities and forming tested pro-
blems. The observation variables related to Demographic Infor-
mation and Learning Accumulation form mutually constrained
problems with Learning Behavior. As shown in Fig. 1, we con-
struct the correlations between Demographic Information,
Learning Accumulation, Assessment, and Learning Behavior as
latent variables and the observed variable of Dropout. Each cor-
relation represents a problem to test the impacts of different
latent variables on dropout trends. At the same time, different
latent variables are associated with many independent variables.
The independent variables corresponding to Demographic
Information, Learning Accumulation, and Assessment are con-
sistent with Table 1, while the independent variables of Learning
Behavior are refined into all interactive learning activities in
Table 2. The value of the independent variable can be obtained
through statistics or calculation, while the latent variables do not
have specific values but might be described through the fusion of
multiple independent variables. There may be potential rela-
tionships between independent variables associated with different
latent variables, and we have marked them with dotted lines
covering the independent variables in Fig. 1.

As the associated interactive learning activities are different for
different courses, it is necessary to explore the strongly associated
activities and construct potential behavioral paths. It is required
to train data for different courses and learning periods, forming
the topological structure of Learning Behavior, and then test
whether it affects Assessment.

The four tested problems for STEM dropout prediction are:
P1: Whether learners’ Demographic Information affects the

dropout trends of STEM learning behavior.
P2: Whether the potential topological paths between interactive

learning activities affect the dropout trends of STEM learning
behavior.

P3: Whether Learning Accumulation affects the dropout trends
of STEM learning behavior.

P4: Whether Assessment Results affect the dropout trends of
new STEM learning behavior.

Methods
Based on previous academic research (Xing et al., 2016; Zhang
et al., 2022), it is found that STEM learning behavior is composed
of timestamps, interactive learning activities, and relationships. It
is used to describe a series of continuous operations that one
learner performs about a certain course in the temporal sequence.
All learning behavior instances are stored in logs according to the
temporal order. The accuracy of dropout prediction depends on
the change patterns of learning behavior distributed in the tem-
poral sequence (Hsu, 2022), as well as the data that can be mined
from it, which can provide a basis for improving the STEM
learning process (Borrella et al., 2022).

In order to more accurately predict the dropout trends in the
learning process, the features described by Demographic Infor-
mation, Learning Accumulation, and Assessment, as well as the
associated independent variables, are defined. The features are
special symbols or indicators that learners or learning behavior
can recognize during the learning process. For example, by using
the value of highest education, the features of learners can be
directly divided into “higher educated” and “low educated”, etc.
At the same time, the different values of assessment results divide
learners into different categories, the features of “Distinction”,
“Pass”, “Fail”, and “Withdrawn” are displayed because they can
be directly defined by the final results of learners. These features
can be directly determined by the descriptive nature of certain
attributes, known as explicit features. Additionally, based on the
participation of learners in the learning process, features of

Fig. 1 Interrelationships and tested problems of influencing factors. The correlations are formed between Demographic Information, Learning
Accumulation, Assessment, and Learning Behavior as latent variables and the observed variable of Dropout. Each correlation represents a problem to test
the impacts of different latent variables on dropout trends.

HUMANITIES AND SOCIAL SCIENCES COMMUNICATIONS | https://doi.org/10.1057/s41599-024-02882-0 ARTICLE

HUMANITIES AND SOCIAL SCIENCES COMMUNICATIONS |          (2024) 11:430 | https://doi.org/10.1057/s41599-024-02882-0 5



learning behavior can be described as “positive” and “negative”.
This is the extended description of learning behavior, but it is
obtained through the calculation of learner participation and
interaction frequency, the features are not direct descriptive
values of attributes, but they can be derived from several other
attribute values or association values, which are the implicit
features. In the process of data association analysis, it is necessary
to calculate all explicit features and predict associate implicit
features that are used to describe the learning interests or beha-
vior trends. However, the relationships between explicit and
implicit features are externalized as specific independent vari-
ables, and latent variables can be described as different feature
categories based on the values of the associated independent
variables.

This study will achieve the fusion of convolutional neural
networks and recurrent neural networks in the method design
process. The main focus is on two aspects: (1) Convolutional
neural network uses a convolutional layer, pooling layer, and fully
connected layer to achieve feature extraction and classification.
The convolutional layer extracts local features through convolu-
tion operations, the pooling layer is used to reduce the dimen-
sionality of the feature map, and the fully connected layer is used
for classification. Its disadvantage is that it requires normalization
of all data, making it difficult to train the mixed data with dif-
ferent lengths, and it lacks memory function, which is definitely
not conducive to data analysis and prediction of continuous
learning processes. It cannot track the explicit and implicit fea-
tures of learning behavior before and after dropout. (2) Recurrent
neural networks are deep learning structures capable of proces-
sing sequential data. It achieves modeling and prediction of
sequence data through a combination of recursive and hidden
layers. The recursive layer processes the temporal relationships of
sequence data through recursive operations, while the hidden
layer is used to learn the representation of sequence data.
Recurrent neural networks are deep learning structures capable of
processing sequential data. Its disadvantage is the training com-
plexity, which requires a large amount of labeled data, and the
computational process involving multi-data structures is extre-
mely complex. The implicit features of the learning process are
mainly derived through statistics and calculations and cannot be
directly labeled, so the recursive neural network cannot be used
directly. In order to address the shortcomings of convolutional
neural networks and recursive neural networks and to solve the
problems of Fig. 1, we consider the fusion of convolutional neural
networks and recursive neural networks.

The fusion method of these two neural networks mainly
includes the following three steps: Step 1. Feature extraction: It
involves first extracting local features from the input data through
the convolutional layer, applying long short-term memory net-
work (LSTM), and outputting them through a fully connected
layer; Step 2. Feature merging: The concatenate layer achieves the
association and fusion of multiple features, merging key features,
and the attention mechanism is used to determine the important
information of the features; Srep 3. Results output: The feature
analysis results obtained in the first two steps are inputted into
the recursive layer, and LSTM processes the temporal sequences
with relevant state information. Finally, the analysis results of
learning behavior are identified and outputted.

For the early dropout prediction process of STEM learning
behavior, this study model and analyzes it in a certain temporal
sequence. The relevant method is named STEM_DP. Since the
dataset we selected is collected on a daily basis, the basic unit of
the temporal sequence is defined as one day, which can observe
more details of behavioral changes. The entire analysis process of
STEM_DP is divided into four steps: firstly, we predict and select
key explicit features and realize feature scoring and ranking using

mutual information, random forest, and recursive feature elim-
ination methods; secondly, we predict and mine the key implicit
features of learner behavior, realize end-to-end feature tracking
by constructing a convolutional neural network; thirdly, we
predict and construct the topological structure of explicit and
implicit features, improve the long-short-term memory
mechanism of the recurrent neural network, realize the fusion
with the convolutional neural network, then analyze and calculate
the correlations between features and construct a learning path.
Finally, combined with the analysis results of the above three
steps, we derive the laws of changes in learning behavior. The
analysis flow framework for dropout prediction is shown in Fig. 2.

The explicit and implicit features can be explored respectively
by classical algorithms and convolutional neural networks.
Regarding the topological structure of learning behavior, as
STEM_DP combines convolutional neural network, recurrent
neural network, and long-short-term memory mechanism, it
needs to combine the distribution of explicit and implicit features,
as well as the instance clustering in the learning process, to adopt
a strategy of fusing key features and mining the strong correla-
tion. The training process is as follows:

Step 1: The predicted results of explicit and implicit features
are fused, and the related calculation formula is described as
LT ¼ LE þ LI (Formula 1), where LT is the loss function of the
topological structure, LE is the loss function of the explicit feature
analysis process, and LI is the loss function of the implicit feature
analysis process. We use cross-entropy as the loss function,
defined as L ¼ � 1

m ð∑m
k¼1 yk log ŷk þ ð1� ykÞ logð1� ŷkÞÞ (For-

mula 2). m is the size of the training batch, yk is the expected
output value of the kth training sample in each iteration process,
and ŷk is the predicted result of the kth training sample in each
iteration process.

Step 2. The changes in the temporal sequence of explicit and
implicit features are tracked. For the two hidden states ht and st of
the long short-term memory mechanism, we define the
corresponding gradient values δth and δts. The calculation for-
mulas are described, respectively, as δth ¼ ∂L

∂ht
(Formula 3) and

δts ¼ ∂L
∂st (Formula 4), δth is jointly determined by the output gra-

dient error for the corresponding convolution layer, i.e., δth ¼
∂L
∂ht

¼ ∂lðtÞ
∂ht

þ ∂Lðtþ1Þ
∂ht

� ∂htþ1

∂ht
¼ VTðŷt�yt Þ þ δtþ1

h � ∂htþ1

∂ht
(Formula 5). lðtÞ

represents the loss of the tth temporal sequence, Lðtþ 1Þ repre-
sents the loss of the temporal sequence whose time index is
greater than t, and V is the weight coefficient from the hidden
state to the output.

Step 3. In the calculation process incorporating long short-term
memory mechanism, the reverse gradient error of δts, denoted as
δtC, is jointly determined by the gradient error of δtþ1

s , and the
gradient error obtained from ht in the corresponding convolution
layer is described as δtC ¼ ∂L

∂stþ1 � ∂stþ1

∂st þ ∂L
∂ht

� ∂ht∂st ¼ stþ1 � f tþ1 þ
δth � ot � ð1� tanh2ðstÞÞ (Formula 6), where f is the convolution
function. The weight coefficients for learning route prediction can
be calculated based on δth and δts.

Step 4. The forget gate weight coefficients of long short-term
memory mechanism are defined as W f . The gradient calculation
formula is described as ∂L

∂Wf
¼ ∑τ

t¼1
∂L
∂st � ∂s

t

∂f t
� ∂f t

∂Wf
¼ ∑τ

t¼1½δts �
st�1 � f t � ð1� f tÞ�ðht�1ÞT (Formula 7), where τ denotes the
index of the last temporal sequence and is equivalent to the length
of the entire complete temporal sequence.

This computational process can help the information proces-
sing system better adapt to complex temporal data, thereby
improving processing efficiency and accuracy. In this process,
explicit and implicit features are merged, modeled through a
topology based on the convolutional neural network. Through
continuous iterative training and optimization, the information
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processing system is able to automatically adjust the topological
relationships based on actual circumstances and learn more
accurate feature representations, thus possessing better adapt-
ability in processing temporal data.

Experiments. Based on the three STEM courses and their cor-
responding learning behavior instances, STEM_DP is used to test
the relevant problems proposed in the section “Data standardi-
zation and problem description” and evaluate performances in
predicting dropout. In order to track learners’ dropout trends, a
comparative analysis of the evaluation indicators is analyzed to
obtain the patterns that meet certain requirements. STEM_DP is
iterated multiple times to select the optimal prediction results.

The dropout labeling for the learning behavior instances of
2013 and 2014 is as follows: Since assessment results of learners
are described as four values, namely Distinction, Pass, Fail, and
Withdrawn, learners labeled as Withdrawn are defined as
dropouts and marked with “1”, while learners labeled with other
values are considered as non-dropouts and marked with “0”. In
the experimental process, the mini-batch stochastic gradient
descent optimization algorithm helps to learn and select the
suitable parameters, with a learning rate set at 0.001, a batch size
is 256, and a total iteration set of 20,000 times. To complete the
training and testing of STEM_DP, the dataset is randomly
divided into training and testing sets in 8:2.

The learning behavior instances are modeled, and the four
indicators of the test set are tracked and calculated. The changes in
the indicator curves are visualized to explore the patterns of learning

behavior. Figures 3–5 illustrate the relationships between participa-
tion and different learning periods for three STEM courses. It can be
seen that the learning behavior of DDD and FFF involves four
learning periods, while EEE involves three learning periods. Even for
the same course, the group trends of interactive learning activities
among learners vary across different learning periods. Learners’
participation is not only constrained by the courses but also by
different learning periods. Therefore, dropout prediction should be
implemented separately for each learning period, and performance
indicators should be recorded to calculate the average values.

During the performance evaluation of STEM_DP, four
indicators, Precision, Recall, F1 and AUC are selected. The
dropouts of each learning period for the three courses are tracked
and predicted. Thirty consecutive days are randomly selected from
each period 10 times, and the average performance values of each
period are calculated. Then the performance indicators of multiple
learning periods for each course are averaged. Through sufficient
data validation, Fig. 6 is obtained, it can be seen that the four
performance indicators for the three courses are all above 0.900,
indicating that the data analysis and prediction of STEM_DP have
high reliability and accuracy. Among these three courses, FFF has
the most types of interactive learning activities, the highest
participation, and the largest scale for learning behavior. However,
STEM_DP has the best data training effect, which is suitable for
the associated calculation of multiple features and complex
relationships, effectively tracking the temporal sequence of
learning behavior, and achieving accurate classification and fusion.
Since randomly 10 selected consecutive temporal sequences of

Fig. 2 Prediction and analysis process of STEM_DP. That is divided into four steps: Step 1. predict and select key explicit features and realize feature
scoring and ranking; Step 2, predict and mine the key implicit features of learner behavior, realize end-to-end feature tracking; Step 3, predict and construct
the topological structure of explicit and implicit features, analyze and calculate the correlations between features and construct a learning path; Step 4,
derive the laws of changes in learning behavior.
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30 days are taken as the basic duration, a comprehensive analysis
of the full learning process of STEM_DP is achieved.

Furthermore, the performance change pattern of STEM_DP in
the temporal sequence is tested, and the relatively optimal
predictable temporal sequence is identified. Taking the learning
behavior instances of three courses in 2014B as the analysis
sample, 30 days are taken to form a continuous temporal
sequence. STEM_DP analyzes and predicts the participation in
interactive learning activities for each day, and the results of the
four performance indicators are shown in Fig. 7.

Due to the extremely imbalanced learning behavior instances
associated with DDD, EEE, and FFF, the proportion of dropout
types is about 75%. The predictive performance indicators reach
at least 75%, and experimental results find that these four
indicators all meet the requirements. The predicted Precision for
each day of the three courses exceeds 89% and demonstrates an
overall increasing trend. Recall, F1, and AUC show a fluctuating
slow upward trend. Based on the distribution of the four
indicators in Fig. 7, it is found that the predictive performances of
STEM_DP are relatively stable around the first 20 days. As days
went on, the interactive learning activities also increased, which
further enhanced its credibility. Therefore, the 20-day should be
defined as the left boundary of the temporal sequence, and
dropout prediction should be implemented, the training para-
meters and optimization indicators of STEM_DP dynamically
might be updated and adaptively adjusted to achieve the best
predictive effect.

So the application of STEM_DP in predicting dropout for the
STEM courses is feasible. It can accurately track the dropout
trends, analyze the temporal sequence of dropout prediction, and
discover the topological path of dropout behavior and possible
intervention strategies. The data analysis results can effectively be

applied to the problem analysis proposed in the section “Data
standardization and problem description”.

Results
STEM learners in MOOCs have obtained widespread recognition,
data statistics show that they tend to make full use of online
learning resources and assessment methods, breaking through
geographic and time limitations in learning behavior construc-
tion, providing many conveniences for self-learning and perso-
nalized learning. Learners can retrieve suitable courses,
knowledge videos and interactive learning activities according to
their own learning needs and habits (Xia, 2020a). Compared with
social science courses, STEM’s online courses have been more
fully applied and might form a stable and sustainable learning
process, retaining massive amounts of learning behavior instan-
ces. However, many of these learning behavior instances are
incomplete and cannot describe the entire learning period (Xia,
2021a), many learners terminate the learning process prema-
turely, resulting in dropout. This is directly related to the learning
organization method of MOOCs, which gives learners sufficient
autonomy and flexibility but may neglect the tracking and
supervision of the learning process, fail to assess and analyze the
learning process in a timely manner, and do not realize decision
analysis from massive learning behavior instances in MOOCs. At
the same time, there is a crucial issue of the interdisciplinary
nature of STEM courses, namely, the complex knowledge struc-
ture and internal relationships, which determine the design of the
STEM learning method, effective and feasible interaction and
cooperation should be established among learners and teachers
during the learning process. Some knowledge-related experiments
and quizzes should not be just quantitative tests or submissions of

DDD 2013B DDD 2013J 

DDD 2014B DDD 2014J 

Fig. 3 Participation of DDD in interactive learning activities during the relevant learning period. That illustrates the relationships between participation
and different learning periods (including 2013B, 2023J, 2014B and 2014J) for DDD.
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experimental results; they should be stepwise discussions and
deductions based on principles and evidence. Therefore, the
STEM learning process should not be a one-way propagation of
learning videos; it requires communication, collaboration, and
feedback among knowledge-driven learners, teachers, resource
designers, etc. Thus, integrating the STEM learning process into
MOOCs has its own features that are associated with the dropout
prediction of the entire learning process and corresponding
research topics, which have already been described in the section
“Data standardization and problem description” and Fig. 1.

The learning behavior instances for DDD, EEE, and FFF are
divided into two parts according to the final labels: dropout and
non-dropout, and the distribution of relevant learning behavior
instances are shown in Table 3, it can be seen that EEE has the
largest proportion of dropout compared to non-dropout. Based
on the analysis results of STEM_DP, we summarize the tested
problems of STEM learning behavior shown in Fig. 1.

P1: Whether Demographic Information affects the dropout
trends of STEM learning behavior.

Demographic Information of the learners described in Fig. 1
mainly involves five independent variables. Based on the data
analysis results of STEM_DP, the dropouts of DDD, EEE, and
FFF are investigated along the entire learning process from the
20-day to the end of the course assessment. Since Gender, Region,
and Disability are non-quantitative values, coding is performed
based on the distribution order of specific values. The results of
the investigation are shown in Fig. 8. When defining Demo-
graphic Information as a latent variable, it did not produce a
significant correlation with dropout. However, the variables have
a significant impact on dropout. The results show that Age and
IMD_band form a significantly negative correlation with dropout,

the younger the learners, the higher the dropout rate, and the
lower the IMD_band, the higher the likelihood of dropout.
Meanwhile, Gender and Disability might have no impact on
learning effectiveness, but there is a dropout group of learners in
different regions.

From Fig. 8, we can see that the dropout problem in these three
different courses is consistent with the relationship between age
and IMD_band. Younger learners have weaker learning focus and
motivation to construct learning behavior, and the lower the
IMD_band, the lower the learner’s participation in the learning
process. Learners have weak goals for passing the course assess-
ment and might produce negative learning emotions within 20
days after starting learning. At the same time, there are simila-
rities and overlaps in the three courses regarding regions with a
higher probability of dropout. In the five regions of Fig. 8, the
smaller the age and IMD_band, the significantly higher the risk of
learners’ dropout trends. So the probability of learners directly
interrupting their learning behavior is extremely high.

P2: Whether the potential topological paths between interactive
learning activities affect the dropout trends of STEM learning
behavior.

In Fig. 1, there are many types of interactive learning activities
associated with learning behavior, and there are differences in the
interactive learning activities associated with DDD, EEE, and FFF.
As shown in Table 2, not all interactive learning activities are
participated by learners across the three courses. Regarding the
analysis of the dropout trends of STEM learning behavior, it is
necessary to conduct investigations for each course separately. The
analysis results show that since learners tend to drop out around
20 days after starting learning, the interactive learning activities
associated with dropout learners are not extensive or have a low

EEE 2013J 

EEE 2014B EEE 2014J 

Fig. 4 Participation of EEE in interactive learning activities during the relevant learning period. That illustrates the relationships between participation
and different learning periods (including 2013J, 2014B and 2014J) for EEE.
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participation rate, directly leading to statistically insignificant
dropout testing; therefore, this problem needs to explore the
learning behavior instances of non-dropout learners and track the
entire learning process. Through the construction of the potential
topological path of benign learning behavior, we can deduce the
possible problems when dropout occurs. Therefore, defining the
interactive learning activities as independent variables and marking
non-dropout as observation variables, based on the analysis and
prediction of STEM_DP, we analyze the potential correlation
between different interactive learning activities, build the effective
path, and mine the feasible participation routes for learners. In the

investigation process, when a learner has a dropout label in a
course, the probability of selecting and completing the course
assessment again is very low. Therefore, we select interactive
learning activities that have a significant and strong correlation,
and the test results are shown in Fig. 9.

Figure 9 shows the learning behavior of each course in different
learning periods and constructs key topological paths in the first
20 days of the learning process. After 20 days, interactive learning
activities and routes that enable learning motivation and parti-
cipation are promoted. it can be seen from Fig. 9 that DDD and
EEE have similar interactive learning activities associated with
learners in the first 20 days of the learning process, but different
routes have been formed. After 20 days, External Quiz, Wiki,
Resource, and Collaborate play an important role in driving
DDD, while Quiz, Content, and Wiki receive strong participation
from learners in EEE. The interactive learning activities and
relationships of FFF are significantly richer than those of DDD
and EEE. In the first 20 days, five interactive learning activities
enable the construction of effective learning behavior, DataPlus
stimulates learners’ confidence about course learning. After
20 days, there are six key interactive learning activities for FFF,
and the Questionnaire is given full play when timely tracking the
learning process, promoting the propagation of learning materials
and relevant data among learners. Regardless of any STEM
course, interactive learning activities within the first 20 days all
become effective learning behavior participation nodes run
through the entire learning process. Overall, effective learning
cannot be separated from collaboration, communication, and
participation (Xia, 2021b). Forum in the early stages of all three
courses has become a crucial starting node, driving the

FFF 2014B 

FFF 2013B FFF 2013J 

FFF 2014J 

Fig. 5 Participation of FFF in interactive learning activities during the relevant learning period. That illustrates the relationships between participation
and different learning periods (including 2013B, 2013J, 2014B and 2014J) for FFF.

Fig. 6 Four indicators of STEM_DP. Four indicators "Precision", "Recall",
"F1" and "AUC" are calculated and obtained for three courses "DDD", "EEE"
and "FFF".
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association and scheduling of other interactive learning activities.
In addition, Quiz provides timely evaluation and feedback for
testing and assessing different knowledge, helping learners dis-
cover learning problems and improving learning methods. The
analysis results show that without effective guidance and con-
struction of learning behavior within the first 20 days or without
achieving effective interaction and cooperation throughout the
entire learning process, there is a high dropout rate.

P3: Whether Learning Accumulation affects the dropout trends
of STEM learning behavior.

Learning Accumulation described in Fig. 1 mainly involves
three independent variables. Based on the data analysis results of
STEM_DP, starting from the 20-day of each learning period until
the end of course assessment, dropout datasets of DDD, EEE, and
FFF are tested along the complete learning process. Since the
Highest Education is a non-quantitative value, numerical
encoding is performed for its value during testing. The test results
are shown in Fig. 10. When defining Learning Accumulation as a
latent variable, it forms a significant negative correlation with
learners’ dropout, and each independent variable has a negative
significance with the dropout mark. The results show that the
fewer studied credits, the lower the Highest education, or the
fewer Num of previous attempts, the higher the dropout prob-
ability of learners. Learners with weaker subjectivity in con-
structing learning behavior are prone to group dropout trends
shortly after starting learning.

From Fig. 10, it can be seen that the dropout problems of these
three courses are consistent with the relationships between
Learning Accumulation and related independent variables. The
Studied credits of learners will significantly affect their learning
attitudes and methods, leading to different subjective initiatives
when facing new learning content. For new learners with little
online learning experience, i.e., those with low values formed by

Num of previous attempts, relying solely on learners’ con-
sciousness and autonomy to organize the learning process can
also easily lead to dropout. Therefore, the learning process should
not be a completely personalized task organization mode (Xia,
2020b). Around the first twenty days of the learning process,
STEM course content tends to increase in difficulty, logic and
relevance with previous and upcoming knowledge. Once a learner
does not have relevant Learning Accumulation, it will seriously
affect the learning progress and hinder the understanding of
knowledge. For young learners with weak self-discipline, the
dropout is likely to occur.

P4: Whether assessment results affect the dropout trends of
new STEM learning behavior.

The assessment described in Fig. 1 mainly involves two inde-
pendent variables. Based on the analysis results of STEM_DP,
starting from the 20-day of each learning period until the end of
course assessment, dropouts of DDD, EEE, and FFF are tested.
Since “final result” and “assessment type” are non-quantitative
values, numerical encoding is performed. Because the vast
majority of dropouts end their learning process early and do not
participate in assessments, the assessment type is unfamiliar to
those who have dropped out. Therefore, testing this problem with
dropout behavior data does not carry statistical significance. The
value distribution of Num of previous attempts in learners ranges

Table 3 Statistical results of dropouts and non-dropouts.

Course Dropout number Non-dropout number

DDD 2250 4022
EEE 722 2212
FFF 2403 5359

Fig. 7 Precision, Recall, F1 and AUC of STEM_DP about continuous temporal sequences. 30 days are taken to form a continuous temporal sequence.
With the tracking and calculation of STEM_DP, the interactive learning activities for each day are analyzed and predicted correctly.
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from 0 to 6, indicating that the same learner may have partici-
pated in online learning multiple times and completed the
learning goals of multiple courses. To test the dropout rate after
learners have completed at least one course’s assessment, we use
data from non-dropout learners. This is related to the prior
assessment results and methods of learners and the test results are
shown in Fig. 11. Except for Withdrawn, the Final result has three
types. If learners’ prior assessment results are “Fail”, there will be
a significant positive correlation with dropout. The more failures
they experience, the stronger the correlation. When new learning
courses cannot use the same assessment method as before, there
is also a significantly positive correlation with dropout, so the
learners who have participated frequently in online learning
platforms tend to depend on the assessment method. They tend
to choose previously used assessment methods, especially when
their prior assessment results are Pass or Distinction. About the
next course assessment, they are more likely to select the same
assessment method as before.

Under certain conditions, the analysis results of dropout pro-
blems and assessment results for these three different courses are
shown in Fig. 11. Regarding the impact of assessment methods,
since the three courses are all STEM-related, learners tend to
accept online testing more easily. However, this does not mean
that learners do not have personalized preferences for assessment
methods. When the assessment method of a new course is similar
to the learner’s previous learning experience, it is easier for
learners to construct a complete learning process. These trends
are clearly presented in the learning behavior instances of DDD

and EEE, but learners of FFF generally adapt to new assessment
methods, and the assessment method is not a significant factor in
causing dropout. With regards to the impact of assessment
results, the actual assessment grades (Distinction, Pass, and Fail)
cannot directly cause dropout. Therefore, the correlation of
multiple learning processes is analyzed. If learners previously
have one or more experiences here they do not pass a course
assessment, they are more likely to drop out when selecting a new
course. However, if their prior assessment results are Pass or
Distinction, it would enhance the learner’s confidence in parti-
cipating in new courses, strengthen their enthusiasm for knowl-
edge, and lead to a lower dropped rate.

After tracking and statistical analysis of the entire learning
process, the probability of learners who pass the assessment par-
ticipating in other courses again is 92.22%, and their pass rate is as
high as 95.47%. The probability of learners who fail the assessment
participating in online learning again is 65.43%, which means that
about one-third of learners have directly abandoned the learning
process of MOOCs. When these learners who do not pass the
assessment participate in online learning again, 78.19% of them
leave MOOCs midway, indicating that these learners are still
troubled by the problems they encountered during their previous
learning and still develop negative emotions. It can be seen that
learners who pass the assessment have a higher probability and
pass rate of participating in MOOCs again, they might have more
positive emotions compared to the learners who do not pass the
assessment, while learners who do not pass the assessment have
lower indicators and have produced a large number of dropouts.

Fig. 8 Test results of demographic information for dropout. The dropouts of DDD, EEE, and FFF are investigated along the entire learning process from
the 20-day to the end of the course assessment. There are five independent variables, that have a significant impact on dropout.
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Based on the significant test of the four above problems, it is
found that for the dropout of STEM learning behavior in
MOOCs, Demographic Information, interactive learning activ-
ities and relationships, Learning Accumulation, and assessment

results all have direct or indirect impacts. Therefore, it is
necessary to guide and recommend learners to select appropriate
interactive learning activities and build suitable learning routes.
The whole learning process cannot be separated from the

Fig. 9 Test results of interactive learning activities for dropout. That shows the learning behavior of DDD, EEE and FFF in different learning periods and
constructs key topological paths in the first 20 days of the learning process.
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tracking, supervision, and intervention of key temporal
sequences.

Discussion
This study tracks the complete MOOC learning behavior of three
STEM courses and mines massive instances. To solve the high
dropout rate in the online learning process, a dropout prediction
model is proposed to address the complex interaction and col-
laboration. Experimental results show that the model can
improve the quality and effectiveness of STEM dropout predic-
tion, a comprehensive correlation analysis and training of rele-
vant factors are completed, and the key elements leading to
dropout are summarized. In this section, we will discuss the
findings and suggestions.

Findings. Based on the previous research results (Bañeres et al.,
2023) and the analysis of complete learning behavior instances,
STEM learning behavior is influenced by timestamps, interactive
learning activities, and relationships. The effectiveness of con-
structing learning behavior can also be affected by learners’
backgrounds and demographics, making the correlation analysis
and tracking the effect of massive learning behavior instances
directly related to the temporal sequence. Over time and with
changes in knowledge structure, the topological paths and routing
strategies of learning behavior will also undergo corresponding
changes (Aldowah et al., 2020). Some learners may develop a
learning burnout state or even drop out. Therefore, in the

dropout prediction process, learning behavior needs to be
described as a series of related interactive learning activities in a
continuous temporal sequence. By incorporating temporal
sequence into the learning behavior analysis (Khoushehgir and
Sulaimany, 2023), the potential values and rules might be
explored, which has important guiding significance for the study
of STEM Learning Behavior.

For achieving the prediction of dropout behavior in STEM
learning, we might take into full consideration both explicit and
implicit features of the complete learning process. The explicit
features are defined items that already exist in the dataset, while
the implicit features refer to the new descriptive items generated
by learners during the learning process. The data analysis and
prediction process of STEM_DP is mainly divided into four
aspects.

(1) By tracking and analyzing the entire learning process, this
study explores and perceives the key explicit features that
influence dropout behavior. Quantitative indicators are
calculated based on learner participation and preference,
and features are selected and ranked accordingly. Three
STEM courses that generated massive learning behavior
instances are selected, and it is found that the key explicit
features include Demographic Information, interactive
learning activities, Learning Accumulation, and assessment
results. This is consistent across all three courses. Prediction
results are fused through a convolutional neural network
and predicted algorithm and experimental results

Fig. 10 Test results of learning accumulation for dropout. That shows that the fewer studied credits, the lower the Highest education, or the fewer Num of
previous attempts, the higher the dropout rate. Learners might form group dropout trends.
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demonstrate that these explicit features can significantly
impact learning behavior paths.

(2) By deeply correlating and calculating multiple learning
periods, this study explores the implicit features related to
key explicit features. By building a multi-layer neural
convolutional network that is suitable for STEM learning
behavior, implicit feature tracking for multiple learning
periods is achieved. The different interactive learning
activities and relationships are present in the same course
at different learning periods, but the activities and relation-
ships that have significant impacts are highly similar. These
interactive learning activities and the topological paths play
the key enabling roles in each course that constitute the key
implicit features to drive changes in the learning process. By
mining and describing the key implicit features of three
courses, this work expands the descriptive factors for
predicting dropout in learning behavior.

(3) This study achieves the fusion of key explicit and implicit
features and examines their mutual influences. The
experiment finds that explicit features can potentially
influence the selection and construction of implicit features,
and historical data can positively or negatively affect the
construction and optimization of new learning behavior.
Therefore, the memory mechanism for recurrent neural
networks can perform correlated calculations of existing
data and achieve the reliability of the analytical results,
which might ensure multi-layer convolution operations.

(4) Based on the STEM_DP analysis process of the three
aspects above, the relevant test results of STEM dropout
prediction are deduced, and the patterns and issues of
learning behavior are summarized. The analysis results
show that different learning courses have different explicit
and implicit features, and dropout is not due to learners
directly giving up course assessment but is closely related to
the temporal sequence of the entire process. At the early
stage, learning behavior exhibits disorderliness and sponta-
neity, with no effective guidance and construction of
effective learning behavior. This further illustrates the
importance and necessity of introducing the temporal
sequence participation in feature calculation.

Through the analysis of tested problems about dropout
prediction for STEM learning behavior, the design of the model
and the experiment of the full learning process, it has been
demonstrated that STEM_DP can fully select and effectively
calculate dropout factors, achieve the fusion of explicit and
implicit features, improve the effectiveness of dropout prediction,
and locate the key temporal sequence. Compared with the
analysis of dropout in small-scale data and the use of baseline
methods and tools with large limitations, STEM_DP has stronger
applicability and completeness. This is an innovative design and
implementation of a research method and experimental program
driven by massive learning behavior instances.

Suggestion. The STEM courses have high requirements for
practicality, applicability, and experimental skills. When these
courses are presented to learners through MOOCs, it also
requires matching auxiliary materials, interactive collaboration,
and learning behavior. A complete learning process includes a
continuous temporal sequence. When learners with different
backgrounds and experiences study the same course together,
personalized learning methods and differentiated learning out-
comes will also be produced (Xia, 2021c). Due to the fully open
learning mode of MOOCs, the construction of STEM learning
behavior is not easy. The emergence of a large number of drop-
outs and the inadequate use of related learning resources have
made learning behavior ineffective. Dropout issues are also key
challenges and hot topics in STEM course learning. Based on the
analysis of online learning behavior instances generated by STEM
education, targeting the multi-features and complex relationships
that lead to STEM dropouts and early warning signs, four tested
problems are demonstrated. In addition, multiple types of pro-
blems and patterns that exist during the dropout process are
uncovered. Based on these findings, several suggestions are pro-
posed regarding the intervention and early warning for STEM.

Demographic Information is applied to predict and intervene
in dropout trends. The dropout prediction process of STEM_DP
shows that Age and IMD in Demographic Information can have a

Fig. 11 Test results of assessment results for dropout. That shows that learners might choose previously used assessment methods, the actual
assessment grades (Distinction, Pass, and Fail) cannot directly cause dropout.
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negative significance on dropout, meaning that the older the
learner is or the higher their Index of Multiple Deprivation
(IMD), the lower the probability of dropout. Older learners have
clearer learning goals and greater stability in the learning process.
The IMD is used to describe the composite deprivation situation
of one region, covering seven different deprivation dimensions
such as income, employment, education, health, living environ-
ment, housing and service barriers, and crime. The greater this
index, the greater the stability in learning. They create potential
differences among learners. As the number of descriptive items in
Demographic Information increases, it will also affect the learn-
ing process and subtly affect learners’ learning enthusiasm and
investment.

Therefore, MOOCs should make adaptive evaluations and
judgment on learners’ dropout trends based on their previous
Demographic Information. The learning attitudes and methods
are still easily influenced by their own learning experience.
Learners also tend to use existing learning strategies to cope with
new learning tasks, as this is their previous learning process
experience, which may enable them to better meet their previous
learning needs. Based on some psychological research findings
(Lee et al., 2022; Weiss et al., 2023), they are willing to rely on
such existing cases to enhance their understanding of new
learning behavior. Whether it is success or failure, this is an
intangible mindset that may help learners adapt to the new
learning process as soon as possible. If the existing learning
experience can be suitable for the current course, it may also
bring some positive effects. If this learning experience is not
suitable for the new learning goals, learners might feel frustrated
or experience significant burnout, then negative emotions arise,
and even the dropout occurs directly. If MOOCs can effectively
evaluate learners’ Demographic Information, identify the poten-
tial risks or advantages of their growth and learning experience,
and provide effective guidance and intervention in combination
with new courses, the dropout rate can be reduced to some extent.
So suitable learning resources should be selected and utilized.
Different learning behavior guidance strategies should also be
generated according to the differences in Demographic
Information.

Learning accumulation is applied to predict and intervene in
dropout trends. The higher the completion rate and the more
courses learners pass on the MOOCs platform, the lower the
dropout rate. When learners have higher levels of education, they
are also more likely to complete the entire learning process.
Learners’ attention and participation are also higher, enabling
them to build efficient and effective learning behavior as soon as
possible, which is proved by the dropout prediction results,
although it may not apply to all learners. However, Learning
Accumulation related factors have been proved that can sig-
nificantly affect dropout trends. When learners have weak
Learning Accumulation, especially new learners, if they select
inappropriate learning resources or teaching methods or have
unclear learning goals or weak motivation, the learning process
will carry greater risks.

Therefore, before starting the STEM-related course learning on
the MOOC platform, analysis and evaluation should be made for
their potential knowledge gap and learning method based on their
previous Learning Accumulation. The existing Learning Accu-
mulation determines their knowledge foundation about a subject
or major. If a learner systematically learns the precursor
knowledge related to a certain course, it is easier for them to
understand the new knowledge framework and related concepts
for the new course. Data analysis results on MOOCs show that
learners tend to make the related selection according to their own

professional skills, and of course, they also focus on their own
academic interests and preferences, which are directly related to
their existing Learning Accumulation (Rahimi, 2023; Wei et al.,
2022; Zhu et al., 2022). However, there are also some learners
who select courses that are not directly related to their existing
Learning Accumulation, which achieves the interdisciplinary
learning process. In this case, learners are more suitable to select
the basic courses. At the same time, MOOCs should also provide
learners with new knowledge context and more suitable learning
needs to promote the learning process, helping them select the
suitable courses instead of blindly selecting based on just one
decision, it does not help the construction of effective learning
behavior, and it is also difficult to efficiently advance the learning
task. So suitable learning guidance plans and implementation
measures should be associated with these findings. This also
means that MOOCs’ learning resources and learners should be
appropriately evaluated and categorized to establish an effective
mapping.

Assessment results are applied to predict and intervene in
dropout trends. Assessment results cannot directly influence the
dropout during the current learning process. Any learner who
completes the course assessment has completed the entire
learning process and is marked as non-dropout. However,
regardless of the course, once the learners participate in the
assessment, they face a situation where they need to complete
other related courses on the same learning platform or not,
whether different results will affect the learning interest and
motivation, whether assessment methods and contents will affect
their new course learning or even lead to dropout, etc. These
issues can have significant impacts on STEM course learning due
to the strong correlation. The analysis results of STEM_DP show
that assessment results can affect the dropout trends in the new
learning process, and it is also necessary to drive learner tracking
and decision intervention after assessment results.

Therefore, after one learner completes the learning task of
STEM courses on the MOOCs platform, the analysis and
prediction of their potential learning trends and motivation
should be made based on their previous assessment results, which
will have a significant impact on their learning state to some
extent. A learner who passes the assessment and performs well
will have a greater enthusiasm for engaging in a new learning
process. A good result is a driving force for stimulating suitable
learning behavior. However, a learner whose assessment results
are not ideal will have their learning state more or less affected.
Some learners may have unwilling thoughts and restart the
learning process until they achieve their learning goals. Some
learners may develop certain negative emotions. Once learners
lack direct supervision, tracking, and intervention from teachers,
learners may lose confidence in MOOCs due to unsatisfactory
assessment results (Xia and Qi, 2023a). In the subsequent new
learning process, they might present a burnout state and drop out
directly. It is necessary to evaluate the learners’ potential learning
engagement and participation in the next step based on
assessment results, as well as predict the learning trends that
learners may experience. The following learning process and
demands of the learners should be tracked, analyzed, and judged
using an adaptive temporal sequence approach, providing
effective guidance for learning behavior and constructing learning
strategies to reduce the dropout rate.

Key interactive learning activities and topological paths are
applied to predict and intervene in dropout trends. The online
learning mode of MOOCs provides learners with enough auton-
omy, making it easy for them to personalize their learning behavior
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and form their own topological paths and behavioral routes during
the learning process. At the same time, learners who take the same
course unknowingly share certain commonalities in learning
behavior to achieve similar learning goals. However, due to some
potential factors, they may show differences in different learning
periods. Courses belonging to the same major or category also
share some similar features in learning methods and assessment
modes. This study uses STEM_DP to mine the key implicit features
and relationships of effective learning behavior in three courses and
form topological paths. The data analysis results show that
although learners study different courses, they can still have similar
or identical structures in some key interactive learning activities
and learning behavior routes. These findings can provide effective
guidance for learners’ gradual improvement of learning methods, as
well as the selection of different courses.

Therefore, after complete learning behavior instances are
generated for a certain course, a corresponding effective learning
behavior topological path should be created. The learning
process can be selected by one learner alone, but the
construction of learning behavior requires various factors, and
effective learning methods can be explored not only based on
the learner’s habits or interests. Although MOOCs might
provide learners with sufficient autonomy and personalization
in time and space, effective learning process and efficient
learning behavior cannot be separated from applicable inter-
active learning activities and build a reliable or continuous
learning path between them. MOOCs have constructed various
interactive and collaborative activities for the online learning
process, but for learners, how to quickly explore key interactive
learning activities and feasible behavior routing strategies is the
key issue. This requires MOOCs to derive potential feasible
learning paths based on past learning behavior instances and
also to provide timely guidance on adaptive learning routes
based on learners’ profiles. Based on effective learning behavior
routing, associated relationships should be built across different
courses. For new courses, related courses with associated
knowledge should be explored based on the evaluation results
of course content and relevant concepts. When learners
participate in the online learning process, they should be
recommended suitable interactive learning activities and guided
on the feasible learning behavior route while also evaluating
their learning experience and providing them with recom-
mended learning content, reference resource, and effective
guidance for learning behavior that is suitable and effective.

Conclusion
STEM is an educational concept that integrates multiple dis-
ciplines and knowledge structures. It differs from the traditional
method of focusing on single disciplines and is related to many
interdisciplinary concepts associated with applied practice. With
the development and recognition of interdisciplinary advan-
tages, as well as the continuous emergence of new technologies
and new modes, improving the learning experience and learning
effectiveness of STEM education has become a hot topic for both
academia and industry. MOOCs have provided new ideas and
attempts for the development and improvement of STEM but
have not avoided the widespread problem of high dropout rates
in online learning. While MOOCs have enabled the personalized
learning process for learners, they might not achieve the goal of
enhancing learners’ abilities and effectively accumulating
knowledge. This situation does not help to improve learners’
skills and innovative practical solutions of STEM-related
disciplines.

This study focuses on the massive learning behavior instances
generated by STEM education in MOOCs, fully considering the

entire learning period, analyzing and demonstrating the factors
related to dropout, defining explicit and implicit features that can
fully describe the learning process, and designing one predicted
model STEM_DP to check the temporal sequence of dropout and
provide an early warning in the learning process. Through multi-
step iterative convolution operations and long–short-term memory
mechanism, STEM_DP analyzes key issues related to dropout
prediction and locates relevant temporal sequences and influencing
factors that lead to dropout. Based on the propagation of STEM
learning behavior within the same course and approximate learn-
ing behavior similarity between different courses, this study sum-
marizes potential dropout risks and decision recommendations for
courses and learners. The entire study aims to provide benign
guidance strategies and improvement measures for STEM learning
behavior in MOOCs, effective methodologies are used to optimize
the supervision and tracking of the online learning process.

Through the analysis and argumentation, as well as the design
and experimentation of innovative methods in this study, we
gradually recommend MOOCs to enable the effectiveness of
STEM education. Based on the mining and prediction of data
value, on the one hand, it might help teachers more accurately
guide and cultivate students’ ability to think and solve problems,
thereby helping learners better adapt to future work changes,
discover new values, and generate innovation (Xia., 2022). On
the other hand, it might enable to optimize the effective sharing
of online resources and flexibly implement key service sche-
duling mechanisms in MOOCs, achieve more reliable analysis
and prediction of learner preferences and needs, timely
recommend applicable learning resources and efficient learning
methods, help learners build positive and efficient learning
behaviors in the shortest possible time, drive learners to self
discover and solve problems, and explore the innovative ability
of active learning and reflective learning. Furthermore, to pro-
vide more comprehensive support for interaction and colla-
boration among STEM learners during the learning process,
with learning tasks as the goal, this study encourages learners to
cooperate and share in teams, cultivate their teamwork spirits,
and form a proactive learner social circle in MOOCs. This helps
learners realize each other’s skills and knowledge, fully leverage
their personal strengths and improve their teamwork abilities.
Finally, the analytical conclusions of this study can provide
some key basis for the integration of MOOCs and STEM edu-
cation. While fully exploring and predicting the value of existing
learning behavior instances, it can better achieve feedback and
early warning for subsequent learning processes, optimize
learning experiences, improve learning quality, reduce negative
emotions in the learning process, cut down dropout rate, and
enhance the reliability and feasibility of MOOCs effectively
assisting STEM education, the whole research has strong prac-
tical significance.

In the following work, the data description and analysis will be
further optimized based on changes and substitutions in factors
that describe learning behavior. The topological relationships of
learning behavior routing will also be enriched, and the robust-
ness and accuracy of the STEM_DP will be expanded to provide
more technical decisions for the effective promotion of online
STEM education and learning.

Data availability
The datasets used or analyzed during the current study are
available from the corresponding author on reasonable request,
relevant data can also be obtained and downloaded from https://
analyse.kmi.open.ac.uk/open_dataset.
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