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ABSTRACT

With the rapid advancement of information technology, the application of interactive
mobile technologies in higher education has garnered increasing attention, particularly for
their potential in enhancing students’ self-regulation and autonomous learning capabilities.
Traditional instructional models often rely on fixed classroom settings and predetermined
teaching schedules, making it difficult to adapt to individual differences and diverse learning
needs. In contrast, interactive mobile technologies offer personalized learning resources and
real-time feedback, thereby improving the flexibility and efficiency of self-directed learning.
As aresult, exploring how to leverage these technologies to foster students’ self-regulation and
autonomy has become a critical issue in the field of educational technology. Existing studies
primarily focus on the cultivation of autonomous learning and self-regulation, as well as the
design of personalized learning path recommendation systems. However, many of these sys-
tems are based on static data and fail to adapt in real time to the dynamic changes in students’
learning behaviors, limiting their practical effectiveness in educational settings. Therefore,
a pressing challenge is to develop a system that can dynamically adjust learning paths in
response to changes in student behavior and learning needs. This study proposes a dynamic
personalized learning path recommendation model based on latent association information
and dynamic graph neural networks. By conducting real-time analysis of student learning
behaviors and continuously updating the model, the system aims to construct more intelli-
gent and individualized learning paths. This, in turn, enhances students’ self-regulation and
autonomous learning abilities. The findings provide new technological support for teaching
practices in higher education and offer theoretical and methodological contributions to the
advancement of personalized education.
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1  INTRODUCTION

With the rapid development of information technology, especially the popular-
ization of mobile internet technology and smart devices, the teaching models and
learning methods in higher education are undergoing profound changes [1-3].
Traditional teaching methods often rely on fixed classroom time and location [4, 5],
and the learning progress and content are often unable to be flexibly adjusted accord-
ing to students’ individualized needs [6]. However, the application of interactive
mobile technology provides students with more flexible learning methods [7],
enabling learning activities to take place at any time and in any location [8, 9]. These
technologies not only provide students with rich learning resources and real-time
learning support but also promote the improvement of autonomous learning and
self-management ability. How to use interactive mobile technology to help students
improve their self-management and autonomous learning ability has become an
important topic in current educational research.

However, most existing research focuses on theoretical discussion or single tech-
nology applications [10-12], lacking systematic research on the role of interactive
mobile technology in enhancing students’ self-management and autonomous learn-
ing ability. For example, although many studies have proposed methods for con-
structing personalized learning paths [13], they often ignore the dynamic changes
in the learning process and fail to fully consider the real-time changes in students’
behaviors and needs. In addition, traditional personalized recommendation algo-
rithms often conduct analysis based on static data [14-18], making it difficult to
respond to the complex changes and dynamic needs in students’ learning processes,
which greatly reduces the effectiveness of the recommendation system in practi-
cal applications. Therefore, current research methods have certain limitations and
shortcomings in the process of enhancing students’ self-management and autono-
mous learning ability.

This study mainly focuses on two aspects: first, the definition of the dynamic
personalized learning path recommendation problem oriented to the improvement
of students’ self-management and autonomous learning ability; second, the design
of a dynamic personalized learning path recommendation model based on latent
association information and dynamic graph neural networks. Through the dynamic
analysis of students’ learning behaviors and needs, a more intelligent and flexible
personalized recommendation system is constructed, thereby improving students’
self-management ability and autonomous learning ability. This study not only pro-
vides a new research perspective for the field of educational technology but also
provides effective technical support for teaching practice in higher education and
has important theoretical and practical value.

2  PERSONALIZED LEARNING PATH RECOMMENDATION PROBLEM

In the process of mobile learning, students’ learning needs and behaviors dynam-
ically adjust with changes in time and context. Traditional static learning path rec-
ommendation systems are difficult to timely capture and adapt to these changes.
Dynamic graph neural networks can dynamically update learning path recom-
mendations based on students’ real-time behavior data and learning status in the
interactive mobile learning network. Through continuous observation and analy-
sis of students’ learning processes, dynamic graph neural networks can discover
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potential learning patterns and associated information in the learning process.
These pieces of information can be used to precisely adjust personalized recom-
mendations to meet students’ different needs at different learning stages, helping
them better manage their learning process and improve their autonomous learning
ability. Figure 1 shows the dynamic change diagram of personalized mobile interac-
tive learning.

The design of a dynamic personalized learning path recommendation system is
not only an optimization of students’ learning paths but also aims to guide students
to actively carry out self-management in the learning process. Self-management abil-
ity is crucial for students’ autonomous learning. It includes multiple aspects such as
time management, goal setting, and resource planning. Through interactive mobile
technology, students can learn at any time and in any place. In this process, dynamic
graph neural networks can capture students’ learning behaviors and emotional
responses in real time and dynamically recommend suitable learning resources and
activities for students. Through this kind of real-time personalized recommendation
system, students can obtain timely support and guidance according to their learn-
ing progress and difficulties, thereby improving their self-management ability and
promoting more initiative in their learning.
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Fig. 1. Dynamic change diagram of personalized mobile interactive learning

In this study, the student set is defined as I ={i,, i,..., i}, and the learning resource
setis defined as N={n,, n,.., n,}, where Vis the number of students and L is the num-
ber of learning resources. E is the relational matrix of interactions between students
and learning resources. D denotes the relationship matrix of students’ trusted friends.
Z is the relationship matrix of students’ potential associated students. For the inter-
action matrix E, e, represents the rating value of student u for learning resource k.
If student u has not rated learning resource k or the interaction is unknown, then
e, = 0. For the trust matrix D, if student u trusts learning resource k, then d, = 1,
otherwise 0. For the potential association relationship matrix Z, if student u has similar
interaction behaviors with learning resource k, then z, = 1, otherwise 0. Similarly,
there is also similarity among learning resources. Matrix F represents the similarity
relationship between learning resources. Define H, = (, R)) as the interactive mobile
learning network graph of students, where R, is the edge set of relationships con-
necting students; H, = (N, R,) is the learning resource correlation graph, where R
connects similar learning resources.

The trusted friends set of student i, is denoted as V', where the superscript “ii”
indicates an undirected edge between two trusted students. The potential associated
students set of student i, is denoted as V', where the superscript “izi” indicates an
undirected edge between two potential associated students. V" denotes the set of
learning resources that student i, has interacted with, where the superscript “in”
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indicates a directed edge from student to learning resource (rating). The set of learn-
ing resources similar to learning resource n, is denoted as, where the superscript
“nn” indicates an undirected edge between similar learning resources. V" denotes
the set of students who have interacted with learning resource n,, where the super-
script “ni” indicates a directed edge from resource to student (being rated).

For student i, each of his interactions can be represented as a quadruple (n,, e ,,
g, s), where n, indicates that student u is learning resource k, e , indicates the rating
by student u on resource k, g indicates the reliability of the rating, and s is the time-
stamp. Denote S" as the sequence of all timestamps of student i,’s learning activities
sorted in ascending order by time; then the set of learning resources learned by
student i, is T" = Hn G . Similarly, for learning resource n,, each of its interac-
tions can be represented as a quadruple (i, e ,, & $), where i, represents student u
who learns resource k, e, is the rating value, g the reliability, and s the timestamp.
Let §; be the ascending timestamp sequence of students learning resource n,, then
the corresponding student sequence can be written as T/ = aneGprgsl.k.

The interactive mobile learning network recommendation problem can be
defined as: given the observed student-learning resource interaction matrix E, the
interactive mobile learning network graph H, and the learning resource relation-
ship graph H,, predict the unknown interactions in matrix E, i.e., the future ratings
of student iu on learning resource n, that have not been observed.

Considering that most datasets do not explicitly provide prior association infor-
mation among learning resources, we use cosine similarity to measure the similarity
between learning resources. Specifically, for each learning resource n,, the k-th
column of interaction matrix E records the interaction ratings between this resource
and all students. By computing the cosine similarity of the interaction rating vectors
between learning resources, we can obtain the similarity between learning resources
n, and n. Next, based on the computed similarity values, we extract the top-k most
similar learning resources for each learning resource as its related neighbors. These
similar learning resources help construct the learning resource correlation graph
H,, which is used to capture the relationships between resources before resource
embedding, providing important support for the dynamic personalized learning
path recommendation.

E(K)"E())

SIM(k,]) = i——F——2—
TR

(D

In the process of computing the potential associated students, in addition to
rating data, we also need to consider the interaction details between students and
learning resources. Specifically, in order to calculate the similarity between students,
we only consider the number of commonly interacted learning resources. The more
learning resources two students have in common, the more similar their learn-
ing interests are, and hence, the higher their similarity. To improve computational
efficiency, a threshold is set in this paper: if the number of commonly interacted
learning resources between two students is less than 5, they will not be considered
as potential associated students. In this way, we can reduce the computational cost
and ensure the model focuses on student pairs with significant similarity. According
to the similarity values between students, we extract the top-k most similar poten-
tial associated students for each student to construct the student-related graph H,.
Taking students i, and i; as an example:

SIM(k, j)= COUNT(V," V") 2)
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3  DYNAMIC PERSONALIZED LEARNING PATH MODEL WITH
ASSOCIATION INFO AND GNNS

3.1 Embedding of students and learning resources

In the model, the embedding of students and learning resources is one of the
core components. Each student is represented by an embedding vector o, which
reflects the personalized characteristics of the student in the learning network, indi-
cating their learning behavior and interest. Each learning resource is represented by
an embedding vector w,, which captures the content characteristics of the learning
resource and its relationship with students’ learning behaviors. To model the inter-
actions between students and learning resources, the rating e, that a student gives
to a learning resource is embedded into an f-dimensional vector, denoted as r,. This
embedding approach allows each rating to be not just a discrete value but a high-
dimensional continuous vector that captures fine-grained features of the rating and
deeper interaction information between students and resources.

The embedding vectors o, and w, of each student and learning resource in the
model are learned and updated through the graph neural network. For student i,
and learning resource n,, their embedding vectors o, and w, are optimized through
the message-passing mechanism of the graph neural network. Specifically, during
model training, the embedding’s of students and learning resources are dynamically
adjusted based on students’ ratings of learning resources and other potential asso-
ciation information. In this embedding learning process, the reliability of the rating
e . 1s also considered, and the impact of the rating is adjusted by the parameter g ,.
The higher the credibility of the rating, the greater its contribution to embedding
updates, thus more accurately capturing the actual interaction relationship between
students and learning resources. Suppose the interaction embedding from n, to i is
represented by a,_,, and the interaction embedding from i, to n, is represented by
b, . The concatenation operation of the two vectors is represented by ®, and the
two-layer perceptron’s are represented by hi* and h™. Then, the interaction embed-
ding representation between student i, and learning resource n, can be calculated
by the following formula:

a_, =h" ([’Lk ® Wk]),bk&u= hin ([ruk ® ou]) 3)

In the interaction between students and their trusted friends, since the trust
relationship itself is a relatively stable and direct connection, we consider that such
interactions have little influence on the reliability of ratings. Therefore, there is no
need to consider the credibility of ratings in this type of interaction. Suppose the
superscript i of a indicates the student, whose trusted friends are represented by ii,
and the two-layer perceptron’s are represented by h! and h". Then, the calculation
formula is:

a_,=hr ([ruk ® Wk]),a:j&kz hir ([rukj ® Wk:|) 4)

In the interaction between students and potential associated students, since the
trust relationship between these students is relatively weak and the rating data
comes from unfamiliar students, more attention needs to be paid to the credibility
of ratings. In order to better model the influence of potential associated students,
the model processes the interaction between students and potential associated stu-
dents and the learning resources’ ratings on students in the order of similar learning
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resources. Suppose the three-layer perceptron’s are represented by hl*, k", and hi*, and
the reliability of the rating e , is represented by g ,, then the calculation formulas are:

alizik: hén ([ruk DL, @ Wk])’
b  =hr ([ruk ©g,® OJ), (5)

keu

e =hi([r, @8, ®0,])

( Interaction Aggregation Layer >

Fig. 2. Model embedding layer structure diagram

Figure 2 shows the model embedding layer structure diagram. By continuously
optimizing the embedding vectors of students and learning resources, the model can
adjust learning path recommendations in real time, helping students better man-
age their learning process. During the model running process, changes in students’
learning progress and needs will directly affect the update of embedding vectors,
thereby realizing dynamic and personalized learning resource recommendations.

3.2 Interaction information aggregation layer
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Fig. 3. Model interaction information aggregation layer and relationship graph aggregation
layer structure diagram
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Figure 3 shows the model interaction information aggregation layer and relation-
ship graph aggregation layer structure diagram. The interaction information aggre-
gation layer is responsible for processing the interaction data between students and
learning resources and converting this information into useful representations.
In order to effectively capture the dynamic preferences of students and the attrac-
tiveness of learning resources, the interaction information aggregation layer needs to
consider both short-term dynamics and long-term static interests and attractiveness.

1. For short-term dynamic representation, the interaction information aggregation
layer uses GRU to model the interaction sequence between students and learning
resources. GRU can capture the changes in students’ short-term interests when
processing sequential data, such as a student’s increased or decreased interest in
a particular learning resource at a certain moment. The interaction sequences
A (u) and B (k) between student i, and learning resource n, are processed by the
GRU network, thereby obtaining the short-term dynamic representations of stu-
dent and learning resource preferences. Assuming the dynamic representations
of student preference and learning resource attractiveness are represented by g*
and g} respectively, the specific calculation formula is:

g' = GRU(AW), g = GRU(B(K)) (6)

GRU can dynamically adjust the representations of students and resources in
each interaction by effectively modeling sequential data so as to better reflect
students’ current learning interests. By only taking the last hidden layer output of
the GRU, the short-term preferences of students and resources can be effectively
extracted, which is crucial for personalized learning path recommendation. In
addition, to control computational cost, longer time sequences will be truncated
to a fixed length to avoid excessive computational complexity.

2. For long-term static representation, the interaction information aggregation
layer uses graph attention network (GAT) to process the long-term relationships
between students and learning resources. Each interaction between a student and
a learning resource can be regarded as an edge in the student-learning resource
graph, which connects the student and the learning resource and contains the
interaction information between them. Through the self-attention mechanism in
GAT, the model can learn the relative importance of each edge in multiple interac-
tion relationships so as to more accurately capture the long-term static attraction
between students and learning resources. Specifically, GAT calculates the atten-
tion weights of each relation edge and aggregates the features of multiple edges
into the long-term representation of the student or the learning resource. The
attention mechanism can effectively focus on important interactions and ignore
irrelevant ones, thereby improving the model’s representation ability and effi-
ciency. The embedding’s a,_, or b, , can be regarded as the edge embedding
representations in the student-learning resource graph. Suppose the long-term
static interest representation of the target student is represented by gV, and the
long-term static attraction representation of the learning resource is represented
by g¥. The nonlinear activation function is represented by ¢, awnd the weights
and bias terms of the network are represented by Q, and y,.

M_ in in
gu _5( 0 Zkevuin ﬂukam—k+ yO )’

)
gﬁ/[: 5(Qgizkevni ﬁukbkeu + y(’)”)
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Different from the self-attention mechanism in GAT that ignore the edge fea-
tures, B, and B, represent the attention propagation weights learned on the
central node representations (o, w,) and the edge representations (a,_,, b, _,).
Specifically, taking B, as an example, suppose the weights and biases of the first
and second layers of the self-attention network are represented by (Q,, y,) and

(Q,, yw,), respectively, the corresponding calculation formula is:

exp(Q;” ) (Q;’" ~[ou ® au(_k] +ym ) + y;’")

(8)
Zkevum exp(Q;’” -0 (Q;’" ~[ou ) au(_k] +y§'”) +y;'”)

ﬂuk:

The long-term static information aggregation formula is written as:
g¥=AG, (ou,{au&k,k eV })

9)
8= AG, (Wk,{bk&u,u eVn })

Combining short-term dynamic representations and long-term static represen-
tations is a key step of the model. Through the Hadamard product, the represen-
tations of short-term dynamic preferences and long-term static attractions are
directly combined to obtain the overall preference representation of the student
and the overall attraction representation of the learning resource. This combi-
nation method enables the model to consider both students’ short-term interest
changes and long-term learning preferences, thus achieving more accurate learn-
ing path recommendations. In addition, in the context of an interactive mobile
learning network, the interactions between students and their trusted friends
or potential associated students, as well as the relationships between learning
resources and similar learning resources, will also be represented through a sim-
ilar method. For the preference and attraction representations of trusted friends
and potential associated students, the model also obtains the association infor-
mation between students and learning resources and between students and stu-
dents through the aforementioned aggregation methods of short-term dynamic
and long-term static representations and further enhances the personalization
and flexibility of the recommendation system.

3.3 Relation graph aggregation layer

The core principle of the relation graph aggregation layer is to model the com-
plex relationships between students and learning resources through the interac-
tive mobile learning network so as to achieve more accurate personalized learning
path recommendations. In the aggregation of student information in the interactive
mobile learning network, the interactions between students are not static but dynam-
ically change with time and relationship strength. Through the attention mecha-
nism of the relation graph in the interactive mobile learning network, the model
can effectively aggregate the interaction information between students, especially
when students are in a strong relationship network their interests and preferences
will be more consistent. The attention mechanism assigns different weights to rela-
tionships between different students so that strong relationships contribute more to
the modeling of students’ latent factors, while the influence of weak relationships is
relatively small. Suppose the relationship aggregation results of the target student in
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the trusted friend network graph and the potential association network graph are
represented by g” and g respectively, then:

8,= 4G, (Ou’{gg’p € Vuii})’

(10)
g2/~ 4G, (0,{g4,2p < V})

In the aggregation of related information of learning resources, the model fur-
ther enriches the latent factors of each learning resource through the association
relationships between learning resources. Since there may be similarities or cor-
relations between learning resources, the recommendation of learning resources
does not only rely on a single resource but needs to consider the attraction of other
related or similar resources to students. Through the graph neural network, the
model can aggregate information in the relation graph of learning resources and
pass the information of these associated learning resources to the target resource,
thereby optimizing the latent factor representation of learning resources. Suppose
the relationship aggregation result of the target learning resource in the learning
resource relation graph is represented by g7, then:

gi= 4G, (w.{gr.j<v}) (11)

3.4 Model output layer

The design of the model output layer relies on two types of information:
interaction-based representation and relation-based representation. The interaction-
based representation mainly models students’ short-term dynamic interests and the
attraction of resources through the interaction records between students and learn-
ing resources, capturing students’ immediate reactions and preference changes
toward resources. On the other hand, the relation-based representation further
explores long-term interest patterns and similarities by analyzing the potential rela-
tionships between students and between resources. In the model output layer, the
interaction relationship between students and resources is combined with their
potential long-term relationships to obtain the final rating prediction of students for
resources. Specifically, suppose the multi-layer perceptron is represented by h, h ,
and h,,, the latent factor of student i is defined as g;, and the latent factor of learning
resource n, is defined as g7. The calculation formula is as follows:

gi=h(greg ®g]),

(12)
gi=nh(greg’])

After obtaining the latent factor g! of i, and the latent factor g} of learning
resource n,, the unknown rating of the target student for the learning resource can
be calculated by the following formula:

6=y, (g 08 ) (13)

In order to optimize the accuracy of the model output, the model uses mean
squared error as theloss function to measure the difference between the predicted rat-
ing and the actual rating. During the training process, ML=1/2|P|%X e P(éuk— e,)
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is used to calculate the loss of the model, where e, is the real rating and éuk is the
predicted rating by the model. Through the gradient descent method, the model
continuously adjusts its parameters to make the predicted ratings closer to the real
ratings, thereby improving the accuracy of the recommendation. To avoid the over-
fitting problem, the model also uses the dropout technique to improve the general-
ization ability of the model. The dropout method randomly drops some neurons in
the neural network, reducing the model’s excessive dependence on training data,
ensuring its stable performance on different datasets, and further enhancing the
recommendation effect of the model.

4  EXPERIMENTAL RESULTS AND ANALYSIS
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Fig. 4. Parameter sensitivity analysis diagram

According to the experimental results in Figure 4, the sensitivity analysis of the
dynamic personalized learning path recommendation model proposed in this paper
demonstrates the impact of multiple parameters on the model performance under
different aggregation numbers and embedding vector lengths. Firstly, regarding the
impact of “number of friend aggregations” and “number of learning resource aggre-
gations,” it can be observed that as the aggregation number increases, MAE and
RMSE values show a certain downward trend within a specific range. Especially in
the aggregation number interval of 20 to 30, the reduction in MAE and RMSE is the
most significant, indicating that an appropriate aggregation number helps optimize
the prediction accuracy of the model. However, after exceeding a certain thresh-
old, the effect tends to stabilize and even shows slight fluctuations. Secondly, for
the experimental results of the “length of mobile interaction sequence,” with the
increase of sequence length, the performance of MAE and RMSE presents a certain
degree of fluctuation, particularly at the sequence lengths of 40 and 50, where the
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MAE and RMSE values show a certain rise. This indicates that longer sequence
lengths may increase the model complexity and training difficulty, thereby affect-
ing the prediction accuracy. Finally, the impact of “embedding vector length” on
model performance is particularly significant. Especially when the embedding vec-
tor length increases, the MAE and RMSE values decrease significantly. Particularly
at the embedding vector length of 128, the MAE achieves the best performance of
0.7924, while the RMSE value approaches the lowest at 1.0573. This result indicates
that higher-dimensional embedding vectors help capture the details of students’ per-
sonalized learning needs, thereby improving the prediction ability of the model.
According to the rating prediction comparison results in Table 1, the model pro-
posed in this paper shows certain advantages in performance on both the training
set and testing set compared to other models. Firstly, on the training set, the RMSE
of this model is 0.9425 and the MAE is 0.6798. Compared with other models such as
SVD++ (RMSE = 1.2354, MAE = 0.9125) and Pin Sage (RMSE = 0.9856, MAE = 0.8123), it
shows lower errors, indicating that it can better fit the data during the training phase.
Secondly, on the testing set, the RMSE of this model is 1.1485 and the MAE is 0.7895.
These values are lower than many traditional recommendation models, such as SVD++
(RMSE =1.1124, MAE = 0.9856) and GraphRec (RMSE = 1.1874, MAE = 0.8263), indicat-
ing that this model has higher prediction accuracy on the testing set. In addition, this
model outperforms many other dynamic graph neural network models on both the
training and testing sets, further proving its stronger personalized recommendation
ability based on the dynamic analysis of students’ learning behaviors and needs.

Table 1. Rating prediction comparison table

Dataset Training Set Testing Set

Evaluation Metric RMSE MAE RMSE MAE
SVD-++ 1.2354 0.9125 1.1124 0.9856
CofiRank 1.1244 0.8562 1.1032 0.9235
RelationalCF 1.1203 0.8123 1.2356 0.8745
AdvTrust 1.1589 0.7541 1.2324 0.8326
AutoRec 1.1023 0.7626 1.1589 0.8251
PinSage 0.9856 0.8123 1.1206 0.7456
GraphRec 0.9652 0.7236 1.1874 0.8263
NGCF 0.9562 0.7158 1.1023 0.8123
HGNN 0.9541 0.7159 1.1256 0.8265
The Proposed Model 0.9425 0.6798 1.1485 0.7895

Table 2. Ablation experiment comparison table

Dataset Training Set Testing Set
Evaluation Metric RMSE MAE RMSE MAE
Removing Trust Friend Information Calculation Module 0.9852 | 0.7852 | 1.1256 | 0.8125
Removing Attention Mechanism Calculation Module 0.9754 | 0.7741 | 1.1248 | 0.8462
Removing GRU Calculation Module 0.9423 | 0.7126 | 1.1023 | 0.8123

Removing Latent Association Information Calculation Module 09526 | 0.7152 | 1.1115 | 0.8127

Removing Auxiliary Interaction Information Aggregation Module | 0.9487 | 0.7159 | 1.1256 | 0.8159
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According to the ablation experiment results in Table 2, after removing different
calculation modules, the performance of the model changes to varying degrees. On
the training set, after removing the “trust friend information calculation module,”
the model’s RMSE is 0.9852 and MAE is 0.7852; on the testing set, RMSE and MAE
are 1.1256 and 0.8125, respectively, both higher than the results when other mod-
ules are removed, indicating that trust friend information has a significant impact
on model performance. The performance after removing the “attention mechanism
calculation module” is also poor, with an RMSE of 0.9754 and MAE of 0.7741 on the
training set and RMSE and MAE of 1.1248 and 0.8462 on the testing set, especially
with a large increase in MAE. This shows that the attention mechanism is important
for the model in self-management and autonomous learning path recommendation.
When removing the “GRU calculation module” and “latent association information
calculation module,” the model’s performance is relatively stable, with little change
in RMSE and MAE, showing that the roles of these modules in improving model
performance are more balanced, and the impact on prediction performance is rel-
atively small after removal. The performance after removing the “auxiliary interac-
tion information aggregation module” does not decline significantly either, but the
MAE on the testing set increases, indicating that auxiliary interaction information
plays a positive role in personalized recommendation to a certain extent.

From the experimental results, it can be seen that several core modules in this
model have a significant impact on improving the personalized learning path recom-
mendation performance for students’ self-management and autonomous learning
ability. Firstly, the “trust friend information calculation module” makes an import-
ant contribution to the recommendation accuracy of the model. After removing this
module, the model’s error increases significantly, indicating that the trust relation-
ship between students is a key factor in building an effective learning path recom-
mendation system. Secondly, when the “attention mechanism calculation module”
is removed, the model’s MAE increases significantly, indicating that the attention
mechanism can help the model focus on important information in complex student
learning behaviors and improve the accuracy of recommendations. The removal of
the “GRU calculation module” and “latent association information calculation mod-
ule” has a relatively small impact on model performance, indicating that the roles
of these modules may be more reflected in handling the details and flexibility of
dynamic learning behaviors. Finally, although the impact of removing the “auxiliary
interaction information aggregation module” is not large, it still shows the value
of this module in enhancing personalized recommendation accuracy. Therefore,
the comprehensive analysis concludes that the synergy of each module in the pro-
posed dynamic graph neural network model is crucial for improving students’
self-management and autonomous learning abilities.

5 CONCLUSION

This paper deeply explored how to improve students’ self-management and
autonomous learning ability through a dynamic personalized learning path recom-
mendation system. The core of the study lies in defining the dynamic personalized
learning path recommendation problem and designing a recommendation model
based on latent association information and dynamic graph neural networks. By
analyzing the dynamic changes in students’ learning behaviors and needs, a flex-
ible and intelligent personalized recommendation system was constructed. The
experimental results show that the proposed model performs better than traditional
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recommendation algorithms on both training and testing sets in terms of RMSE and
MAE, with higher prediction accuracy and stability. In addition, through ablation
experiment analysis, this paper further confirms the key roles of various modules,
especially the trust friend information module and attention mechanism module,
which make important contributions to improving model performance.

This paper has important theoretical and practical value. Firstly, by introducing
dynamic graph neural networks and latent association information, this paper not
only promotes the technological development in the field of personalized learning rec-
ommendation but also proposes a novel approach to solve the problems of students’
self-management and autonomous learning in education. The experimental results
show that the proposed model can effectively provide students with personalized
learning path recommendations, thereby improving their autonomous learning ability
and self-management level, especially suitable for interactive mobile learning environ-
ments in higher education. In addition, the results of the ablation experiment further
indicate that the comprehensive effect of various modules in the model is crucial for
improving prediction accuracy, with high practical value and theoretical significance.
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