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ABSTRACT

Animation creation, as an interdisciplinary subject that blends art and technology, places high
demands on students’ creativity, comprehensive skills, and practical capabilities. Traditional
teaching models often fall short in meeting students’ needs for personalized learning and
real-time interaction, highlighting the urgent need for innovation through mobile learning
platforms. Although some existing studies have attempted to introduce personalized recom-
mendation mechanisms into educational platforms, their application in animation education
remains limited, characterized by simplistic models and insufficient exploration of interac-
tive behaviors. In particular, leveraging learners’ implicit mobile interaction relationships
for resource recommendation is still in its early stages. This study focuses on the design
and implementation of a mobile learning-based interactive education platform tailored for
university-level animation creation, aiming to enhance the precision of resource recommen-
dations and the personalization of learning experiences. The research addresses two main
aspects: first, it systematically explores the issue of personalized animation learning resource
recommendation based on implicit interaction relationships, highlighting their potential
value in recommendation mechanisms; second, it proposes a recommendation model inte-
grating coupled graph modeling, attribute representation learning, interaction representation
learning, and a prediction layer, offering a technical framework for intelligent recommen-
dation in animation education. The findings are expected to promote deeper integration of
mobile learning platforms in university animation education and enhance the effectiveness
of personalized teaching.
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1  INTRODUCTION

With the rapid development of information technology and the popularization
of mobile internet and smart terminal devices [1-4], mobile learning, as a new form
of learning, has gradually attracted widespread attention in the field of education.
Especially in higher education, how to use mobile devices to assist learning [5, 6] and
improve learning effectiveness has become a research hotspot. Animation creation,
as a unique art form, covers multiple aspects such as painting, design, and story con-
ception [7-10] and requires students not only to have solid basic knowledge in the
learning process but also to possess strong innovation and practical abilities [11, 12].
Therefore, how to combine mobile learning technology to provide a more person-
alized and interactive learning platform for animation creation education in higher
education institutions has become an urgent problem to be solved.

However, although many studies have explored the construction and application
of personalized education platforms based on mobile learning, most of the research
mainly focuses on the proposal of theoretical frameworks and the realization of
technologies [13-16], lacking in-depth exploration of the specific subject of anima-
tion creation. For example, the personalized learning recommendation systems con-
structed in literature [17] mostly focus on the recommendation of subject knowledge
while lacking accurate recommendation of animation creation learning resources.
Especially in dynamic learning environments, how to accurately analyze student
needs and recommend appropriate learning resources through implicit mobile
interaction relationships remains a technical problem to be solved. At the same time,
the study in literature [18] also has certain limitations in model construction, such
as ignoring the multidimensional interactions in the learning process and the influ-
ence of complex contexts. These problems limit the application effect of personalized
recommendation systems in animation creation education.

This paper mainly studies the personalized recommendation problem of anima-
tion creation learning resources based on implicit mobile interaction relationships.
Specifically, the research content of this paper includes two parts: the first is the
description of the personalized recommendation problem of animation creation
learning resources based on implicit mobile interaction relationships, analyzing in
depth the implicit characteristics of interaction relationships in current education
platforms and their impact on learning resource recommendation; the second is
the construction of a personalized recommendation model for animation creation
learning resources based on implicit mobile interaction relationships. A coupled
graph construction method based on animation creation mobile interaction sce-
narios is proposed, and through modules such as attribute representation learning,
interaction representation learning, and prediction layer, learning resources that
meet student needs are accurately recommended. This study not only helps pro-
mote the personalized development of animation creation education but also pro-
vides theoretical basis and practical reference for the optimization and innovation
of mobile learning platforms.

2  DESCRIPTION OF PERSONALIZED ANIMATION CREATION
LEARNING RESOURCE RECOMMENDATION PROBLEM

At present, university animation creation teaching faces the diversification of
teaching content and student needs, while traditional teaching models are difficult
to effectively cope with this complexity. At the same time, traditional animation
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creation teaching often relies on fixed course content and teaching methods, lack-
ing flexible interactivity and personalized learning paths, which leads to limitations
in students’ learning motivation and effectiveness. This paper chooses to conduct
personalized recommendation research based on implicit mobile interaction rela-
tionships, which can break through this limitation and promote more autonomy and
creativity in the learning process. By constructing a recommendation system based
on student interaction behavior, the platform can adjust recommended content in
real time according to students’ learning progress and interest changes, thereby
improving the relevance and effectiveness of learning.

The research objective of this paper is to recommend personalized animation
creation learning resources that meet the needs and preferences of target student i
under animation creation mobile interaction scenario z. For a given set of students
I, learning resources X, and animation creation mobile interaction scenarios Z,
the task of this study is to customize a personalized animation creation learning
resource recommendation list Ei for student i in mobile interaction scenario z,
where Ei={X4, Xy, ..., Xy | 1Z,Xu € X, Z € Z,1 € I}. vis the length of the recommendation
list, and | iz represents student i in animation creation mobile interaction scenario z.
Specifically, the recommendation problem in this study can be described by con-
structing a “student-animation creation scenario-learning resource” coupled graph
model, where each node represents a student, a learning resource, or an animation
creation scenario, and the relationship between students and learning resources
is represented by their interaction behavior under specific scenarios. Through this
graph structure, the needs and preferences of students under different scenarios can
be further mined from the perspectives of attribute learning and interaction learn-
ing. In attribute learning, we focus on how individual characteristics of students and
content attributes of learning resources affect students’ choices, while in interaction
learning, we focus more on how interaction patterns, frequencies, and intensities
between students and learning resources affect the recommendation effect. Finally,
by predicting the selection probability of a student for a certain learning resource
under the current scenario, the model can provide a personalized learning resource
recommendation list based on regression methods.

3  CONSTRUCTION OF RECOMMENDATION MODEL BASED
ON IMPLICIT MOBILE INTERACTION RELATIONSHIP

The personalized animation creation learning resource recommendation model
includes four parts: construction of the coupling graph based on animation creation
mobile interaction scenarios, attribute representation learning, interaction repre-
sentation learning, and prediction layer.

3.1 Construction of scenario-based coupling graph

The construction of the coupling graph H, .= (N,.,, R,.,) is the key starting point
of the entire recommendation model. Its purpose is to systematically and structur-
ally represent the complex relationships among students, animation creation mobile
interaction scenarios, and learning resources. Specifically, in the construction pro-
cess of the node set N, the study takes student i, animation creation mobile inter-
action scenario z, and learning resource x as the three core types of nodes. Among

them, student nodes not only represent entities but also include important attribute
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information describing their individual differences. In order to enable the model to
effectively identify these individual characteristics, the study encodes the gender,
age, and device type used by the student using one-hot encoding, then concatenates
the vectors and uses embedding technology to map these discrete features into
low-dimensional continuous dense vectors, thus generating the node representa-
tion of the student. Similarly, for learning resource nodes, the system extracts the
attributes of the learning resource and relevant information of the developer and
uses the same encoding and embedding method to generate the node vector of the
learning resource. Through the above processing, all nodes not only have structural
positional representations but also semantic vector representations that can be used
for subsequent feature learning.

In the construction process of the edge set R, the study defines the connec-
tion relationships between nodes by analyzing students’ usage behavior of learning
resources in specific animation creation mobile interaction scenarios. Specifically,
when a student i, uses learning resource x, in a specific scenario z,, the model estab-
lishes an edge between nodes i, and z,, and an edge between z, and x, and adds
1 to the weight of the corresponding edge, indicating that there is one interaction
behavior. If no such behavior occurs, the edge is not established or the weight is 0,
which is reflected in the graph as no connection relationship. The weight of the edge
not only indicates whether there is a connection between the nodes, but also quan-
tifies the strength of the connection, that is, the frequency of interaction.

3.2 Attribute representation learning

In order to better explore the attribute factors of the coupling graph H,,, this
paper uses implicit relationships to decompose the coupling graph into three homo-
geneous graphs: student graph H, animation creation mobile interaction scenario
graph H , and learning resource graph H . Figure 1 shows the schematic diagram of
the construction process of homogeneous graphs. The specific decomposition steps
include the following four aspects:

1. First, decompose the coupling graph H,,., into H,, that is, a graph with students
and animation creation mobile interaction scenarios as nodes. In this process,
the learning resource nodes in the original coupling graph are deleted, while
the edges between students and animation creation mobile interaction scenarios
are retained. The core purpose of this operation is to explore the regular behav-
ioral patterns of students in different animation creation mobile interaction sce-
narios through the H,, graph. For example, students’ daily activities often have
certain regularity—they usually participate in specific animation creation activ-
ities during fixed time periods, and these activity scenarios also have their fixed
appearance patterns in students’ daily lives. By analyzing the H,_ graph, it is pos-
sible to identify potential relational patterns between students and animation
creation mobile interaction scenarios, providing valuable behavioral features
for the subsequent recommendation model. Next, decompose the coupling graph
H,., into H, _and H,. For H,, student nodes are deleted, retaining animation cre-
ation mobile interaction scenario nodes and learning resource nodes and the
edges between them. Through the H, graph, the study can explore the adaptive
relationship between specific animation creation mobile interaction scenarios
and learning resources. Application programs are often designed to meet the
needs under specific scenarios, and specific animation creation scenarios also
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require certain types of applications for support. By analyzing the H__graph, it
is possible to understand which applications are more applicable under specific
scenarios, thereby helping to optimize resource recommendation. Finally, for H,,
animation creation mobile interaction scenario nodes are deleted, retaining stu-
dent and learning resource nodes and the edges between them. The H, graph
can reflect students’ selective preferences for learning resources. Students usu-
ally choose learning resources that match their interests and needs, and each
learning resource also attracts specific types of students.

Scenario

Learning
Resources

..........
®. .o
v v v v
@ g © o @, @ @ | @@ @ o ®
-9 | |e © |O ® | | ® ®

O

) N,
o—®
Fig. 1. Schematic diagram of the homogeneous graph construction process

First, the decomposed graphs H,, H, ,and H, are further divided into six homoge-
neous weighted graphs to deeply explore the relationships between nodes from
different perspectives. Taking H,_ as an example, it is split into two homogeneous
graphs H, and H,. H, is a homogeneous graph with students as nodes. If two stu-
dents i, and i, appear together in the same animation creation mobile interactive
context, then an edge is formed between them, and the weight of the edge q,,

International Journal of Interactive Mobile Technologies (iJIM) 205


https://online-journals.org/index.php/i-jim

Huang

206

reflects the strength of the relationship between i, and i,. This edge weight can
be calculated based on the interaction frequency of students in the same context;
students who interact frequently will have higher edge weights, and vice versa.
On the other hand, H, is a homogeneous graph with animation creation mobile
interactive contexts as nodes. If two animation creation mobile interactive con-
texts involve similar student groups or are used by similar learning resources,
then an edge is formed between them, and the edge weight indicates the similar-
ity between the two contexts. Assume that the maximum value of the edge weight
in the H,, graph is denoted by B,,,,. The nodes connected to both i, and i, are
denoted as F,, and the number of such nodes is denoted as |F, |. The number of
times student i, appears in context z _is denoted as b,. The explicit relationship
value between nodes i, and i, is represented by q,. The calculation formula is
as follows:

uy _ka‘
q,= = (1)

. In each iteration, the weight of a node will be updated based on the attributes and

relationships of neighboring nodes. This process captures implicit relationships
between nodes, meaning it not only relies on explicit interaction data but also
explores deeper latent connections. For example, in Gu, the relationship between
student nodes depends not only on direct interaction frequency but may also
be influenced by indirect relationships between other students; similarly, in Gc,
the relationships between animation creation mobile interactive contexts are
updated through indirect associations between contexts. Through this itera-
tive process, the model can discover more accurate and detailed relationships
between nodes, further enhancing the personalization and precision of recom-
mendations. Assume the number of iterations is denoted by m, the loss coeffi-
cient by ¢, and the penalty factor by ¢ The model hyper-parameters are denoted
by ¢ and ¢ The iterative computation process for each homogeneous graph is
as follows:

T= A-0)q;" )
. . 1

@ =sigmoid| —¢ (3)
Fy

Qe = Gy (4)

Assume that the product of two vectors is denoted by ®, and the feature simi-
larity between i, and i, is represented by i, ® i,. The neighbors of i are denoted
by V. The model hyper-parameters are denoted by o, and o,, where o, + o, = 1.
The final implicit relationship value between i, and i, is represented by e, and
its calculation process is as follows:

lu® L

Zi eV (l“® ia)

a

(5)

m _ m
euk - Goquk + o,

. The model merges the six homogeneous graphs into three final homogeneous

graphs H, H, and H; based on node types. This step integrates the previously
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decomposed and updated graphs to better reflect the overall relationships among
students, contexts, and learning resources.

Symbiotic Graph
Construction
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| |
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Fig. 2. Schematic diagram of the model attribute representation learning principle

Figure 2 illustrates the schematic diagram of the model attribute representation
learning principle. The node representation learning process is achieved through
the aggregation operation on the graphs H, H’, and H_, thereby obtaining the
final representation of each node. Taking H; as an example, the representation of
student nodes depends not only on their own attributes but also on their neigh-
boring nodes—i.e., other students who participate in the same animation creation
mobile interactive context. By aggregating the relationship strength with these
student nodes, the model can capture the interaction patterns between students,
thereby providing more refined input information for personalized recommen-
dations. Assume the target node is represented by i, and the top v neighboring
nodes of i, calculated based on e” are denoted by V". The globally shared aggre-
gation functions are represented by d8 and d’%. d"? is used to aggregate student
neighbor information, while d¢! aggregates the target student and neighbors. The
aggregation process is as follows:

[ = ase (i ,d;"g(VuV))

AG~u

(6)
For d7(V'), the personalized animation creation learning resource recom-
mendation model introduces an attention mechanism for precise computation.

Assume that the hyperparameters are represented by g™ and y'™, the concatena-
tion operation of two vectors is denoted by ||, and the nonlinear activation func-
tion is represented by tanh. The aggregation formula for @7#(V") is as follows:

. exp(X )
dre(Vur)= i, x k

= (7)
=V Zi,evuv exp(X,,)

X, describes the importance of neighbor i, to student i, and the expression is
as follows:

X, =@ ®i) tanh(q-[i I [+ ym™) €)

Assume the hyperparameters are represented by i and y#*, and the nonlinear
activation function is represented by 6. The high-level aggregation formula d$t is
as follows:

ds (i, dme (V) = 0@ [i + dmo (V)] + ys) ©)

AG *u
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To obtain deeper representations, the personalized animation creation learn-
ing resource recommendation model stacks multiple aggregation layers to gather
information from more neighbors. The stacking process is as follows:

if = de (i1, (dm (V) ) (10)

For graphs H’ and H, similar steps are used to compute z/ and x/.

3.3 Interaction representation learning

|
e I N
| ‘\.\:.“‘\,_ Y .."" ',."-
- l " . : "
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Fig. 3. Schematic diagram of the interaction representation learning principle of the model

The construction of the interaction graph H,, aims to delve into the external
motivational factors within the H,,., graph, specifically the interactive relationships
among students, animation creation, mobile interactive scenarios, and learning
resources. Firstly, the node set N, in the interaction graph H,,, comprises three types
of nodes: students, animation creation mobile interactive scenarios, and learning
resources. The construction of these nodes is intended to reflect the dynamic inter-
actions between students and scenarios, as well as between students and learning
resources. Assuming that the number of times student i uses learning resource x,
in scenario z, is represented by U, , and the vectors of i, z,, and x, are denoted as

owl

n!, n?, and n* respectively, with their total number of interactions represented by V,
Ve, and Vx. FINTa denotes the degree of node N¢ | ie., the number of neighbors

INT’
ofn% . The constructed node informationn¢ is represented by the following formula:

ng = <U

o T VLV VBT ) (an
The edge set R, in the interaction graph H,, further enhances the model’s under-
standing of external motivations by capturing the relationships among different
types of nodes. In H ,, the existence of an edge not only reflects the interactive rela-
tionships among students, animation creation mobile interactive scenarios, and
learning resources but also includes the strength of these interactions. The weight
of an edge can be defined based on various factors such as the frequency, duration,
and intensity of interactions between students and scenarios or learning resources.
Assuming the similarity calculation function is denoted by SIM (.), and the nonlin-
ear activation function by 6, the following formula provides the calculation of the

weight between each pair of nodes in H
we = 0(SIM(ng ,n¢ ) (12)

IN’
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To further simplify the interaction graph, assuming the model hyperparameter is
denoted by 4, and re=0 indicates the edge re is not retained, otherwise it is retained.
The removal of weakly related edges is performed according to the following formula:

0, if we <A
no 1, others

(13)

Figure 3 presents the schematic diagram of the interaction representation learn-
ing principle of the model. The node aggregation in interaction representation
learning is achieved through the construction of multi-layer weighted graphs and
interaction representation learning. Firstly, the model identifies neighbor relation-
ships by calculating the similarity between nodes. Specifically, for any two nodes
a and ¢ in the H,, graph, the model uses the following formula to calculate their
similarity, which is based not only on their direct interactions but also on their
structural similarity within the graph. The similarity between nodes reflects the
strength of their connections in the graph, providing a foundation for subsequent
aggregation processes. Assuming the j-th order neighbor degree sequences of nf,
and n¢ are denoted by t(Ej (ng,)) and t(Ej (n¢, ) respectively, and the distance between
two ordered sequences F, and F, is represented by h(F,, F,), the structural similar-
ity degree of the j-th order neighbors of n% and n, is denoted by d(a,c), calculated
as follows:

di(a,c)=d’'" (a,c) + h(t(Ej(n?N)),t(Ej (e, )
. (14)
j=0 AND [E,(ng,).|E, (5, )] > 0
The similarity between two interaction nodes is denoted by d* (a,c), calculated
as follows:

-1 i
d(a,c)= s1m(an,

ng,) (15)

Here, j,,,, represents the maximum value of j, which is a model hyper-parameter.
To ensure some level of similarity between n¢ and n¢, the model only calculates the
similarity d/(a,c) within three hops. Subsequently, the model constructs a multi-layer
weighted graph, where the edge weight u(a,c) of each layeris calculated using the fol-

lowing formula, considering the interaction strength and similarity between nodes:
u(a,0)= e o 7=0,1,.. (16)

Layers are connected through directed edges. That is, for any node n{, in the j-th
layer, there exist two directed edges (aj, aH) and (aj, ajﬂ). Assuming the number of
edges pointing to ng in the j-th layer with weights greater than the average weight
of that layer is denoted by IP(a), their weights are:

”(aj’a,q) =log(llV(@)+r1),j=0,1,..,] -1 17
u(a].,aH) =1j=1.,J (18)
M@= ) ulac)>m) (19)

Ninr €Ny

In each layer of the graph, nodes are not fully connected. Therefore, the model
samples neighbor nodes through random walks, with a sampling probability of w,

iJIM | Vol. 19 No. 12 (2025) International Journal of Interactive Mobile Technologies (iJIM) 209


https://online-journals.org/index.php/i-jim

Huang

210

enabling effective information propagation and learning based on the characteristics
and structure of nodes in each layer. Assuming the probability of walking from node a
in the j-th layer to node n, in the same layer is denoted by w(a, c), and the probability

of walking to the (j+1)-th layer is denoted by o(a; a,,,), the calculation formulas are:

( ) e-d(ac) (20)
w (a,c) =
J -dJ (a,c)
anNTeNINT,wae
The sampling probability o; of the adjacent layer is calculated as:
ula ,a. )
0la.a,)= e 21

Jj+1
ua,a, )+pla,a; )

Next, the model updates the feature vector of each node by aggregating the infor-
mation of sampled nodes. For each student node, the model concatenates the feature
vectors of the student and all its neighbor nodes, then uses embedding methods
to map the concatenated feature vector to a fixed-length vector, which serves as
the final feature representation of the student node. Similarly, animation creation
mobile interactive scenarios and learning resource nodes undergo the same process,
aggregating information from their neighbor nodes to generate the final feature
vectors for each scenario, and learning resource. These feature vectors reflect the
potential attributes and relationships of each node in the interaction graph, provid-
ing rich input information for personalized animation creation learning resource
recommendations. Assuming the neighbor nodes of n¢, are denoted by V¢, and the
number of nodes in V*is represented by |V“ , the calculation formula is:

1
ne =nd + |V_a z H (a,c)- ne, (22)
ceVa

3.4 Prediction layer

The core task of the prediction layer is to perform personalized learning resource
prediction based on the feature vectors of students, animation creation mobile inter-
active scenarios, and learning resources. First, for each student, animation creation
mobile interactive scenario, and learning resource, the model connects their attribute
information with interaction representations to obtain a comprehensive feature repre-
sentation. Similarly, animation creation scenarios and learning resource nodes also gen-
erate corresponding comprehensive features based on their attributes and interaction
representations. These feature vectors are denoted as iiM, Z;V’, and xi”, representing the
embedding representations of students, scenarios, and learning resources, respectively.
Next, the model adopts a multi-layer perceptron (MLP) as the implementation of the
prediction function o. In this study, i, z, and x are used as input features of the MLP,
and through the computation of two hidden layers, a final prediction value is output,
which represents the relevance or suitability of the recommended learning resource:

b, = o(i™, 2, x™) (23)
3.5 Model optimization

The personalized animation creation learning resource recommendation model
makes recommendations based on the preference probability of target student i for
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learning resource x under animation creation mobile interactive scenario z, which is
a typical regression problem. Therefore, the personalized animation creation learn-
ing resource recommendation model trains the model through a loss function loss.
Suppose the recommendation list is denoted as P, and the length of the list is denoted
as |P| Model hyper-parameters are denoted as @, then:

loss = %(X%;p(bx“ - Bxu ) +1, ||(DU "2 (24)

The loss function loss consists of two parts: 1/ |P| E o, —BXU)Z is used to mea-
(x,u)eP
. . 2. .
sure the loss in the recommendation framework, and Ny, ||<1)U|| is the L2 regulariza-

tion term, used to control model complexity and avoid overfitting.

4  EXPERIMENTAL RESULTS AND ANALYSIS

According to the experimental results of the three datasets Moodle, EdNet, and
ASSISTments in Figure 4, we can observe the gradually decreasing trend of root
mean square error (RMSE) values during the training process of 15 epochs on differ-
ent datasets. On the Moodle dataset, the RMSE is two at epoch one, and then grad-
ually decreases, finally stabilizing at 0.3 at epoch 15. The EdNet dataset shows a
similar trend, decreasing from 2.4 at epoch 1 to 0.4 at epoch 15, indicating that the
model can effectively optimize and gradually converge. The performance on the
ASSISTments dataset is also quite significant, with RMSE decreasing from 1.85 at
epoch 110 0.3 at epoch 15. These data show that as the training progresses, the mod-
el’s performance on all three datasets improves significantly, with the error continu-
ously reducing, showing good convergence.

8 9,5 B
Z 5 E \\ g
1 £ N 038
\ 1 \\ 05

N \
i . . & . - 04
02
0 0 B
1 2 3 4 5 6 7 8 9 1011 1213 14 15 1 23 45 6 7 8 9 10111213 1415 1 2 3 4 5 6 7 8 9 1011 1213 1415
Epoch Epoch Epoch
a) Moodle dataset b) EdNet dataset c) ASSISTments dataset

Fig. 4. Convergence experiments of the proposed model on three datasets

—a—NMF
——SVD#+
DeepFM
—e—DIN
—=—NGCF
—+—LightGCN
—— HIN-GCN
—e—The proposed method

520 3550 5570 520 3550 5570 520 3550 5570
Sparsity Sparsity Sparsity

a) Moodle dataset b) EdNet dataset c) ASSISTments dataset

Fig. 5. Recommendation performance of the proposed model under different sparsity scenarios
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As shown in Figure 5, the proposed model demonstrates significant advantages
in recommendation performance under different sparsity conditions on the three
datasets. On the Moodle dataset, the RMSE values of the proposed method are 2 when
sparsity is between 5 and 20, 1.2 when between 35 and 50, and 0.98 when between
55 and 70, all showing strong accuracy, especially under high sparsity (55-70). On the
EdNet dataset, the proposed method also exhibits a similar trend, with RMSE values
of 1.6, 1.05, and 0.93 respectively, indicating that as sparsity increases, the model
can continue to optimize recommendation accuracy. On the ASSISTments dataset,
the RMSE values under different sparsity levels are 2.3, 1.35, and 1.05, respectively,
showing the model’s stability and efficiency in handling sparse data. Compared with
other traditional methods (such as NMF, SVD++, DeepFM, etc.), the performance of
the proposed method consistently remains superior, especially under high sparsity,
where the recommendation effect of the model is more prominent.

0.2 0.2
m After attribute representation m After interaction representation
0.18 m Before attribute representation 0.18 r m Before interaction representation
0.16 0.16
0.14 0.14 |
g o é 0.12
5 5
3 0.1 ‘B 0.1
£ 0.08 8 0.08
a a
0.06 0.06
0.04 } 0.04
0.02 0.02
0 0
1 4 8 12 15 1 4 8 12 15
Number of recommendations Number of recommendations
Fig. 6. Impact of attribute representation in the Fig. 7. Impact of interaction representation in the
proposed model proposed model

According to the recommendation accuracy data before and after attribute rep-
resentation shown in Figure 6, it can be observed that attribute representation sig-
nificantly improves the recommendation effect of the model. When the number of
recommendations is 1, the accuracy before attribute representation is 0.154, and
after attribute representation, it increases to 0.157; when the number of recommen-
dations is 4, it increases from 0.135 to 0.163, showing a noticeable improvement.
As the number of recommendations increases, the impact of attribute representa-
tion becomes more significant. When the number of recommendations is 12, the
accuracy increases from 0.102 to 0.124, demonstrating a continuous optimization
trend. Finally, when the number of recommendations is 15, the accuracy before and
after attribute representation is 0.102 and 0.118 respectively, further verifying the
positive impact of attribute representation.

According to the recommendation accuracy data before and after interaction
representation shown in Figure 7, it is clear that the introduction of interaction rep-
resentation significantly improves the recommendation performance of the model.
When the number of recommendations is 1, the accuracy before interaction repre-
sentation is 0.144, and after interaction representation, it increases to 0.178, show-
ing a significant improvement. As the number of recommendations increases, the
impact of interaction representation becomes more obvious. When the number of
recommendations is 4, the accuracy increases from 0.12 to 0.148, with an improve-
ment of nearly 30%. When the number of recommendations is 8, 12, and 15, the
accuracy after interaction representation compared to before is 0.1322 vs. 0.112,
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0.118 vs. 0.1, and 0.114 vs. 0.106 respectively, all showing a continuous optimization
trend, indicating that interaction representation plays a stable and continuous role
in improving recommendation accuracy.

According to the recommendation accuracy data in Figure 8, the proposed method
shows good recommendation performance on all three datasets under different rec-
ommendation quantity conditions. On the Moodle dataset, as the number of recom-
mendations increases, the accuracy of the proposed method gradually decreases but
remains at a high level. For example, when the number of recommendations is 1, its
accuracy is 0.177, and when the number of recommendations is 15, the accuracy is
0.116, which is better than other models. On the EdNet dataset, the proposed method
also performs prominently, with an accuracy of 0.067 when the number of recom-
mendations is 1, and 0.134 when the number is 15, both higher than those of other
comparison models. On the ASSISTments dataset, the proposed method also signifi-
cantly outperforms other methods, with an accuracy of 0.095 when the number of
recommendations is 1 and 0.123 when the number is 15. This indicates that the pro-
posed method still maintains high recommendation performance under different
sparsity conditions.
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Fig. 8. Comparison of recommendation accuracy of different models

5 CONCLUSION

This paper investigated the personalized anime creation learning resource
recommendation problem based on implicit mobile interaction relationships and
proposes a coupled graph construction method based on anime creation mobile
interaction scenarios. With the help of modules such as attribute representation
learning, interaction representation learning, and prediction layer, the model accu-
rately recommends learning resources that meet students’ needs. The study shows
that by introducing implicit interaction relationships, the accuracy of the learning
resource recommendation system can be significantly improved, and more person-
alized learning resource recommendations can be provided for students, especially
in the field of anime creation, which has a high degree of personalized demand.
This study not only promotes the personalized development of anime creation edu-
cation but also provides a theoretical basis and practical reference for the optimiza-
tion and innovation of mobile learning platforms, with high academic and practical
application value.

However, although this paper has achieved significant results in improving rec-
ommendation accuracy, there are still some limitations. First, although the proposed
model shows good performance on some datasets, its generalization ability may be
limited by the size and diversity of the datasets, especially in more complex edu-
cational scenarios where more optimization may be required. Secondly, this study
mainly focuses on the field of anime creation, and future research can extend this

International Journal of Interactive Mobile Technologies (iJIM) 213


https://online-journals.org/index.php/i-jim

Huang

model to other educational fields to further verify its effectiveness. In addition, with
the development of mobile learning technology, how to better integrate real-time
learning data, cross-platform learning activities, and dynamic feedback will be an
important direction for future research. These studies can further improve person-
alized learning resource recommendation systems and promote the intelligent and
personalized development of educational platforms.
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