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Abstract

Course recommendation systems based on deep learning have demonstrated powerful
feature extraction capabilities in dealing with information overload in massive open online
courses (MOOCs), and have become an irreplaceable mainstream method. However, the
learner—course interactions are usually scarce in reality, which limits the representation
power of course recommendation. In addition, the contribution of learner and course
attribute information to course recommendation has not been sufficiently explored by
most existing methods. To tackle these challenges, a personalized course recommendation
model based on attribute-interaction joint encoding and hypergraph reconstruction (AIHR-
PCRM) is proposed in this paper. Specifically, a course hypergraph reconstruction (CHR)
method is designed to construct higher-order associations for each course to explore more
reliable global collaboration signals. Unlike existing hypergraph constructions that directly
take learners as hyperedges, CHR explicitly couples three steps, including invalid learner
elimination, high-order reachability induction, and similarity-based hyperedge filtering,
to substantially raise the signal-to-noise ratio of the resulting hypergraph. Based on this,
a hypergraph global collaborative learning module (HGM) can alleviate the issue of data
sparsity. Then, a joint encoding module (JEM) is utilized to enhance learner behavior
sequence representations by simultaneously fusing hypergraph-level global signals with
attribute-level local semantics. Finally, a bidirectional self-attention module (BSM) is
introduced to blend the contextual information of the learner behavior sequence, and to
further provide a recommendation. Experimental results on three real-world datasets
revealed that the proposed model has already achieved the best recall and ndcg scores
compared to those of several existing models.

Keywords: course recommendation; hypergraph reconstruction; joint encoding; collaborative
learning; attention mechanisms

1. Introduction

Massive open online courses (MOOCs), as a new human-computer interaction teach-
ing mode, are becoming popular among learners because of their convenience and diver-
sity [1,2]. However, similar to other Internet applications, learners face serious information
overload problems on online learning platforms, resulting in low learning efficiency and
high dropout rates. The reason is that most MOOC platforms lack the correct understand-
ing of learners’ individual preferences, knowledge structure, and mastery, and often fail to
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provide personalized services to learners [3]. Therefore, as an efficient information filtering
technology, course recommendation (CR) is naturally applied to the MOOC platform. It
analyzes the interactive data of learners on the platform to understand learners’ preferences
for courses and make accurate recommendations [4,5].

Despite increasing attention, two fundamental challenges remain unresolved in the
MOOC course recommendation literature [6,7], which we use as the central narrative thread
of this paper. (i) Sparsity of learner—course interactions: An average learner only enrolls
in a handful of courses out of thousands on the platform, leaving the interaction matrix
extremely sparse and the learner behavior sequence very short. (ii) Under-utilization of
attribute information: Attributes such as course category, chapter, learner qualification and
enrollment time carry strong semantic signals about preference and pedagogical compati-
bility, yet existing models rarely encode them in a way that interacts with interaction-level
collaborative signals.

Existing methods address each challenge partially but each line has a clear limitation.
Collaborative filtering (CF) [8] handles sparsity by smoothing interactions but cannot
represent higher-order and group-level course co-occurrence. Deep recommendation
models [9,10] learn nonlinear features but treat sequences as plain token streams. Graph
neural network (GNN)-based methods (e.g., PCGNN [11] and HGNRec [12]) propagate
signals over the bipartite learner—course graph but, because graph edges are inherently
pairwise, the group-level pattern where a set of courses are co-enrolled in by the same
population of learners is decomposed into independent edges and the joint information is
lost. Standard hypergraph-based recommenders (e.g., [13,14]) restore higher-order group
structure by allowing one hyperedge to connect many nodes, but the typical construction
of one-learner—-one-hyperedge produces redundant and noisy hyperedges, and most of
these models do not exploit attribute information.

To address the aforementioned limitations and challenges, a personalized course
recommendation model based on attribute-interaction joint encoding and hypergraph
reconstruction (AIHR-PCRM) is proposed in this work. Rather than stacking existing
components, AIHR-PCRM is designed around a single design principle, where the two
key modules are jointly beneficial: a denoised, semantically compressed hypergraph
supplies global high-order collaborative signals, and a joint encoder simultaneously injects
attribute-level semantics into the same per-course representation that enters the sequence
encoder. Extensive experiments evaluated on three MOOC datasets provide empirical
evidence of the proposed method’s effectiveness, demonstrating performance and accuracy
improvements that outperform state-of-the-art approaches.

The contributions of this work are summarized as follows:

(1) A course hypergraph reconstruction (CHR) method is proposed. Unlike conventional
hypergraph constructions that take each learner as a hyperedge and thus suffer from
redundancy and noise, CHR explicitly combines three operations of invalid-learner
elimination (denoising), high-order reachability-based hyperedge induction (struc-
tural reconstruction), and similarity-threshold-based hyperedge filtering (semantic
compression) into a unified procedure.

(2) A joint encoding module (JEM) is designed that, unlike prior work which treats
attributes as a separate auxiliary head, fuses learner/course attribute average em-
beddings with CHR-derived high-order hyperedge embeddings directly inside the
per-course input of the sequence encoder. JEM acts as a complementary core com-
ponent that couples global hypergraph signals with attribute-level local seman-
tics. Together with HGM, it captures global dependencies and leverages global
collaborative signals.
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(8) A bidirectional self-attention mechanism module (BSM) is employed to capture long-
range dependencies of arbitrary distance in the learner behavior sequence, comple-
menting the global signals from HGM with bidirectional contextual modeling.

(4) Based on the above strategies, a personalized course recommendation model based
on attribute-interaction joint encoding and hypergraph reconstruction (AIHR-PCRM)
framework for recommendation is proposed to further reinforce the representation
quality of recommender systems with a cross-view contrastive learning module. Ex-
tensive experiments on three benchmarks demonstrate the superiority of our proposed
framework over eight state-of-the-art recommendation methods.

The rest of this work is organized as follows. The preliminaries are systematically
summarized in Section 2. Section 3 presents the framework AIHR-PCRM and modules.
Section 4 describes the real educational datasets used for experiments and analyzes the
thorough comparison results. Finally, Section 5 concludes this article.

2. Preliminaries
2.1. Problem Statement

The task of a course recommender system is to predict the next course that
matches learners’ preferences based on their historical sequential interactions. Given

S = {s1,52,...,5/5/} to denote the learner set and C = {cy, c3,...,¢|c|} to denote the course
set, the behavior sequence of learner s € S is expressed as Qs = {cgs), cés), eeey, c§s), ceey, c,(f) },

(s)

where ¢;” € C represents the interaction between course and learner s at timestep #, and n

denotes the length of this sequence. Meanwhile, given ¢, = {cga), céa), eeey c‘(:ﬂ)‘ } to denote

1@ attribute set and s, = {sga),séa), . s(u)

the course ¢ /S,
set, the interaction matrix A € RUSI*ICD

|} to denote the learner s attribute

indicates the implicit relationships between each
learner in s and their learned courses. Each entry A; ; in A will be set as 1 if learner s; has
adopted course ¢; before and A; ; = 0 otherwise. Based on the learner—course interaction
data, the embeddings obtained by a representation function would be further used to
predict the actual preference of a learner over candidate courses.

2.2. GNN-Based Recommendations

Graph neural networks (GNNSs), as new efficient and scalable neural networks in-
spired by convolutional neural networks and graph embedding ideas, can extract and
represent features of data in the graph field [15,16]. Compared with traditional deep learn-
ing methods, GNNs can reflect entities and their relationships through the constructed
graph model. Generally, the process of building GNN-based recommendation systems
can be roughly divided into three stages. First, a GNN-based model is constructed on
the recommended entities and their interrelationships. How to encode the high-order
relations based on the connection types and strength of relationships between entities is a
key consideration at this stage. Next, the information propagation and updating strategies
for the GNN-based model need to be decided. Choosing the most appropriate method
often results in better recommendation performance. Finally, the updated node (edge,
subgraph) features are extracted from the GNN-based model as their corresponding entity
features, and recommendations are implemented using relevant algorithms. Successful
examples that have emerged in recent years include, but are not limited to, Light-GCN [17],
FDGNN [18], and SiReN [19].

Although graphs can effectively depict pairwise relationships between entities in the
real world, they can only represent direct explicit interactive information between users
and items. A hypergraph is composed of a set of vertices and a set of hyperedges, each
of which can connect multiple vertices instead of just two. Therefore, hypergraphs have

https://doi.org/10.3390/info17060598


https://doi.org/10.3390/info17060598

Information 2026, 17, 598

40f23

the ability to describe complex high-order relationships between vertices and can be used
to model complex networks and systems with the interactions between hyperedges and
the internal nodes. To fully utilize the generalization ability of hypergraphs, researchers
have begun to extend hypergraphs to design recommendation systems, like XSimGCL [20],
EduGraph [21], and HHCoR [22].

On the whole, AIHR-PCRM differs from prior work in three concrete aspects:
(i) Hypergraph construction: HGNN [23] and MFHCR [24] use the raw interaction
matrix as the incidence matrix, i.e., one hyperedge per learner, yielding hyperedges
with heavy redundancy. CHR reduces the hyperedge count by denoising and filtering.
(ii) Attribute integration: HHCoR and EduGraph consume attributes only at the prediction
head; AIHR-PCRM fuses attributes with hyperedge embeddings at the input level of the
sequence encoder. (iii) Contrastive objective: SImGCL/XSimGCL generate positives by
stochastic perturbations; AIHR-PCRM defines positives across two semantically distinct
views (sequence-local vs. hypergraph-global) of the same course.

2.3. Course Recommendations

Personalized course recommendation is a popular application of recommendation
systems in intelligent education. Different from ordinary product recommendation, course
recommendation pays more attention to learners’ short-term interaction behavior and
long-term preference information, so it is more challenging. To align with the learner’s
historical learning activity, various online course recommendation systems have been
proposed from different technical perspectives. Specifically, a high-performance course
recommendation model named knowledge grouping aggregation network (KGAN) was
proposed, which uses the course graph to estimate learners’ potential interests automatically
and iteratively [25]. Most existing course recommendation methods primarily model
students’ interactions with courses implicitly, failing to account for the impact of students’
evolving learning interests, particularly the influence of time on course selection behavior.
To address these limitations, a model based on multi-relationship and time-aware interest
for personalized course recommendation (MRTI-CR) was designed, which effectively
integrates heterogeneous relationships and dynamic interest evolution [26]. To extract
learning preferences from video modalities in a personalized manner and link them with
behavior patterns, a multi-behavior multivariate contrastive learning framework (MMCL)
was employed [27]. To fully characterize and utilize the relationships among courses
and other associated objects, such as teachers of courses and courses’ concepts, a novel
personalized interactive course recommendation scheme enhanced with a heterogeneous
graph (HGCR) was developed, which smoothly combines the graph neural network with
an advanced deep Q-learning neural network [28]. Excellent work in this area includes,
but is not limited to, QPE [29], MECF [30], ISRA [31] and so on [32]. However, the in-depth
analysis of the learner’s behavior sequence and the full mining of the attribute features
of learners and courses have not been fully explored, so there is still a large room for
improvement in personalized course recommendation.

3. Methodology

In this section, the proposed AIHR-PCRM framework is shown in Figure 1 and the
corresponding details are given.
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Figure 1. The architecture of the proposed course recommendation model AIHR-PCRM.

3.1. Overview

The proposed AIHR-PCRM framework roughly includes the following four compo-
nents: hypergraph global collaborative learning module (HGM), joint encoding module
(JEM), bidirectional self-attention module (BSM) and cross-view contrastive learning. First,
learner—course interaction matrix A is sent as input to HGM. In this module, the course
hypergraph correlation matrix H(¢) is obtained through the CHR method, and then H(®) is
sent into the hyperedge embedding layer to obtain the course hyperedge embedding matrix
E,(f). Then, H®) and E}(lc) are sent as input to the hypergraph message-passing paradigm
()

laborative interaction signals between courses. In addition, learner behavior sequence Qs,

to obtain the course hyper-embedding matrix §;’ which contains reliable high-order col-

course attributes c,, learner attributes s,, and Jj(f) are fed into JEM to obtain the enhanced
embedding of the learner’s behavior sequence A°. To further improve the perception ability
of the model, BSM is employed to blend the contextual information of the learner course
behavior sequence and combine it with a fully connected layer to output recommendation
results. Finally, a multi-task cross-view contrastive learning strategy is utilized to obtain
high-quality embeddings of courses.

3.2. Hypergraph Global Collaborative Learning Module (HGM)

In a standard learner—course bipartite-graph adjacency matrix, the fact that a learner
51 jointly enrolls in {c1, ¢2, c3} is decomposed into three independent pairwise edges
(51, ¢1), (51, €2), (51, ¢3). Crucially, the group-level co-occurrence pattern where {cy, ¢2, c3} are
jointly chosen by the same population of learners is lost. Such group-level co-occurrence
often carries strong semantic signals (e.g., these three courses belong to a common learning
pathway). A hyperedge can represent such a group as a single, indivisible structural
unit. Moreover, in conventional GCN message-passing, the dependency among {cy, c, c3}
must be approximated via multi-hop propagation, where each additional hop introduces
noise attenuation and over-smoothing. Hypergraph message-passing lets the three nodes
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exchange information in a single step through a shared hyperedge, directly capturing the
group dependency without multi-hop signal decay.

To alleviate the data sparsity issue of learners’ behavior sequences, the CHR method
is designed to construct a high-quality course hypergraph structure and utilize the hy-
pergraph messaging mechanism to capture the implicit global collaborative relationships
between courses.

3.2.1. Course Hypergraph Reconstruction (CHR)

To make CHR rigorous and reproducible, the four key terms are formalized as follows.

Definition 1 (Invalid learner). A learner s € S is called invalid with respect to the
interaction matrix A if C(s) N C(s") = @ for every other learner s’ € S\{s}, where
C(s) = {c €C:Apn = 1} is the course set enrolled by s. Intuitively, an invalid learner shares
1o course with anyone else and thus cannot contribute to any course-level high-order reachability.

Definition 2 (High-order reachable course set). Given the denoised matrix A (after remov-
ing invalid learners), the k-th-order reachable course set of a course c is defined recursively:
Ro(c) ={c} and Ry(c)={c € C:3s e Swithc' € C(s)and C(s) N Ry_1(c) # D}. In
matrix form, the closure up to order k = 3 is captured by AAT A.

Definition 3 (Clip operator). Let Iy, C {1,...,|S|} be the index set of invalid learners returned
by ®(-). Then clip(AT, I,,) is the column-deletion operator that removes every column of AT
whose index lies in l,,. The resulting matrix A has shape |C| x B, where B = |S| — | Liyp|.

Definition 4 (Similarity function). The function sim(-,-) is the cosine similarity between two
. . HLH. . . L
hyperedge incidence columns: sim(H.;, H. ;) = m Hyperedge pairs with similarity
il21TH
exceeding the threshold <y are regarded as redundant and eliminated.

Inspired by high-order connectivity in the hypergraph-based CF, the learners” high-
order reachable course sets are used to construct the course hypergraph structure. The
model for constructing the course hypergraph correlation matrix is shown in Figure 2, and
it can be defined as

AT X):Matrix Multiplication () :Matrix Transpose

X (©)
AT A ﬂx |C H
wn
{5} i = H
A
[C[xs] [Cxp , [Clx s [C[>6.
[Clx s
Figure 2. Course hypergraph reconstruction (CHR).
A = dlip (AT, <I><AIJ, AL-) ),H(C) = min<1, AATA) (1)

where AT € {0,1}(C1¥I5]) is the transpose of the learner—course interaction matrix, while
AI,:’ and AI/ j denote the i-th and j-th columns of the interaction matrix AT, respectively.
Function ®(-) identifies invalid learners by calculating the intersection of behavior se-
quences of different learners and returns the set of invalid learners’ positions in the inter-
action matrix AT, while A € {0,1}(€[*F) is obtained by function clip(-) which removes
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invalid learners in the interaction matrix AT based on the position information. H(¢) is the
course hypergraph correlation matrix.

The (c, s) entry of AAT A counts the number of length-3 alternating paths ¢ — s’ —
¢ — s in the bipartite enrollment graph that connect course ¢ to learner s through an
intermediate learner s’ and an intermediate course ¢’. A positive entry therefore indicates
that course c is reachable from learner s through some high-order learner—course chain.
The operator min(1, -) is applied element-wise and converts every positive integer count to
1, yielding the {0,1}-valued hypergraph incidence matrix H(¢) € {0,1}/C1*A. Equivalently,
[H)] s =1 [(AATA).s > 0]. The binarization is reasonable, which stems from the fact
that within our proposed model, it is merely the existence rather than the occurrence
multiplicity of high-order reachability that carries structural significance for the subsequent
message-passing implemented on the hypergraph.

The hyperedge filter is formulated as follows:

‘M(C) — sim(Hi?, Hi?) (2)
0@ — index (y(c) < 7), HO — HiCZ; . 3)

where H, (c ) and H, (e ) denote columns i and j (i,j € [0,),i # j) in the course hypergraph

Correlatlon matrix H ( ©), respectively, while the hyperparameter  is a threshold that controls
the degree of hyperedge matching. Function index(-) is used to identify the column indexes
of the hyperedges in the course hypergraph correlation matrix that satisfy the threshold.
11(9) is obtained from the matching function sim(-), which is the set of matching values of
different columns in the course hypergraph correlation matrix H(¢), while w(¢) represents
the set of locations of the hyperedges in the course hypergraph correlation matrix that
satisfy the inequality condition. H(¢) € R{CI*%) denotes the filtered course hypergraph
correlation matrix, and 6, is the number of course hyperedges.

Consider a toy example with 5 learners {sy, ..., s5} and 4 courses {cy, ..., c4}. Suppose
s5 enrolls only in ¢4, in which no other learner enrolls, then s5 is an invalid learner and is
removed. The remaining 4 learners’ enrollment patterns generate high-order reachable
course sets (e.g., {c1, ¢2, c3} appearing together), which become the candidate hyperedges.
Finally, if two candidate hyperedges have nearly identical column vectors, one of them is
dropped to avoid redundancy (semantic compression). The remaining hyperedges form
the compact, denoised H(®).

To further illustrate the constructing process, the pseudo-code of CHR is shown in
Algorithm 1.

Algorithm 1 Pseudocode of Courses Hypergraph Reconstruction (CHR)

1: Input: Transpose matrix A of learner—course interaction.

2: Output: Filtered course hypergraph correlation matrix H(¢),

3. Identify invalid learners in matrix AT by using ®(-) function.
Filter out invalid learners with clip(-) function to obtain matrix A € {0,1}(C*A).
Obtain the high-order reachable formula AAT A.
Construct course hypergraph correlation matrix H¢) € {0,1}(IC*) by Equation (1).
Calculate the similarity #(°) for all hyperedge pairs by Equation (2).
Introduce the hyperparameter v as a threshold that controls the degree of

hyperedge matching.

9:  Obtain the set of locations of the hyperedges w©) by Equation (3).
10:  Obtain the filtered course hypergraph correlation matrix H(¢) € R(ICx0),

*® N > 9w
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3.2.2. Hypergraph Message-Passing Paradigm

In the hypergraph, hyperedges are bridges that pass information during the convo-
lution process. In this work, a hypergraph message-passing mechanism is introduced
to capture the global implicit collaboration signals between courses. Before conducting
hypergraph message-passing, the normalization operation of the hypergraph correlation
matrix is expressed as follows:

5(5) — WES), H() = D;l H(c) D;l 4)

where Eilc) € R(%>d) denotes the course hyperedge embedding matrix which is obtained

through the hyperedge embedding layer (HE-EMB), and H(¢) denotes the normalized
course hypergraph correlation matrix. D, and D, are diagonal degree matrices of course
nodes and course hyperedges, respectively. The normalization can be interpreted as a
degree-weighted message averaging along each hyperedge. D! performs node-degree
normalization, which prevents hub-like courses (i.e., courses appearing in many hyper-
edges) from dominating the propagated signal. D, ! performs hyperedge size normal-
ization, which prevents large hyperedges (containing many courses) from contributing
disproportionately. Without these factors, popular or large hyperedges would overshadow
finer-grained signals and induce over-smoothing during multi-layer propagation. It is
worth mentioning that in this work we improve the hypergraph normalization operation
to make it more adaptable to the course recommendation work.

We refer to the hypergraph contrastive collaborative filtering (HCCF) [33] model for
the hypergraph message-passing paradigm and define the hypergraph message-passing
process from layer (I — 1) to layer (1), as shown below:

5 = 0<H<“>H<C)T5§i>1> )

where o (-) represents the LeakyReLU nonlinear activation function, while § l(c) e RUCIxd)
denotes course hyper-embeddings in the hypergraph representation space under the /-th
propagation layer.

3.3. Joint Encoding Module (JEM)

The attribute information of courses and learners includes course features and learner
preferences, which is a constructive guide for the performance improvement of the course
recommendation system. Meanwhile, the course hyper-embedding matrix Sj(f) € R(ICIxd)
is output by the hypergraph message-passing paradigm. This matrix contains the implicit
global dependencies between courses, which can effectively alleviate the issue of data
sparsity of the learners” behavior sequences. To combine the above superiorities, the
attribute information of courses and learners, the course hyper-embedding matrix ¢ (C),
and learners’ behavior sequences are joint encoded to realize the embedding enhancement
of behavior sequences, which can further improve the recommendation accuracy of the
AIHR-PCRM model.

3.3.1. Embedding Layer
In this layer, the course id from the learner s behavior sequence Qs = {cgs), s, cl@, cer,

6515)} is input into the behavior embedding layer to obtain its embeddings E. € R("*%).

EC:{CLCZ/"'/CI'/"'/CH} (6)
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where ¢; € R1*4) denotes the embedding of course c € Qs, and d is the embedding
(s)

dimensions of course c; .

Then, to perceive the behavior sequence order information of the learner s, a
learnable positional embedding matrix P € R("*4) is defined to obtain better course
recommendation performance.

P:{P1rP2/"'/Pir"'rPn} )
where p; € R(1%4) denotes the positional embedding of course c<s)
Eventually, the attribute information ¢, = {cga),céa), ... |(:)\} of course c@ and

thats, = {55“) , s\ ,- s( )| } of learner s are input into the attribute embedding layer to

s

obtain the attribute embeddings E((s)) € Rlcal*4) and Eg ) ¢ Rsxd) of course cl( *) and

learner s, respectively.

(@ _ [ (@ (@ (@@ (a9
EC]@ - {cl €06, ,cw} (8)
O {00 40} g

where cf”) € RUx4) and sl(a) € R(1*4) denote the embedding of the i-th attribute of the
(s)

course ¢;”’ and learner s, respectively, while d is the embedding dimensions.

For implementation, attributes are encoded according to their type. (i) Categori-
cal attributes (e.g., Course Category, Keywords, Chapter, Learner Qualification): One-
hot indices are mapped through a learnable embedding layer to d-dimensional vectors.
(if) Numerical attributes (e.g., Age, Duration, Enroll Time): Values are first discretized into
10 equal-frequency bins, then embedded similarly. (iii) Text-like attributes (e.g., Course
Name): Encoded by averaging pretrained word embeddings of their tokens. (iv) Missing
values: For each attribute we reserve a special UNKNOW index, which avoids the bias
introduced by zero-imputation in embedding-based models.

3.3.2. Joint Encoding Layer

To inject the embedding information into the training process of the proposed model,

the attribute embedding matrix E ('(g
[

i

and E§a>, the behavior sequence embeddings E., the
(e)

positional embeddings P, and the course hyper-embedding matrix § 5 are jointly encoded
to obtain the enhanced embedding kY € R(1*4) for the i-th course in the behavior sequence

(nxd)

of learner s. To further simplify the computation, A° € R is used to represent the

enhanced embeddings of all courses in the sequence. Specific definitions are given below:

|cal 1 ISal (a)
(s) C: = — S: 10
MZ M=o LS (10)
h = M OM; e @ ij) D p; (11)

where M ) € R4, My € R(1*4) represents the attribute-averaging embeddings of
(s

course ¢; * and learner s, respectively, which are obtained through attribute-averaging

embedding layer (AVG-EMB). ¢; € R(1*%) denotes the initialized embeddings of course

cl(s) , while 51((}) € R(1%4) js the hyper-embeddings of course CES)

the learnable positional embeddings of course cgs)

. p; € R represents

. From Equation (11) the gradient of the
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d . . . (a) ;o _OL oL o)
ownstream loss L with respect to the attribute embedding c;'? is 5@ = 30 aM 1( T
i i c;\8
M (s) , : , () o AL aL
5 - and the gradient with respect to a hyperedge embedding ¢, € E, " is o = a0
i i
o0 a3
1

ol a%’}f. Because both gradient chains share the common factor dL/9h?, the attribute

i

branch and the hypergraph branch co-adapt during training: the gradient flowing through

1Y is jointly shaped by the two sources of information. Removing JEM cuts the first chain
and removing HGM cuts the second; in either case the shared adaptation pathway is broken.
This co-adaptation provides a mechanistic reason why JEM and HGM are complementary
rather than independent.

3.4. Bidirectional Self-Attention Module (BSM)

In the actual course recommendation scenario, the learners’ preference information for
courses is also implicit in their behavior sequences. A bidirectional self-attentive encoder
for course recommendation is introduced, which enables the AIHR-PCRM model to capture
dependencies directly at any distance between courses in the sequence of learner behavior.
Specifically, a transformer-based bidirectional self-attentive encoder is used for behavior

perception, and the enhanced embeddings A? € R("*4)

of the behavior sequences of
the learner s are utilized as the input of the encoder, while stacking multiple layers of
transformer and representing the hidden embeddings that pass through the output of the

I-th layer as A € R(<4),

3.4.1. Multi-Head Self-Attention Mechanism

Recent research has demonstrated the superiority of transformer in modeling depen-
dencies between different representation pairs in sequence recommendation [34]. Moreover,
the self-attention mechanism in the transformer framework is the key component that per-
forms dependency sensing and information aggregation between data points (e.g., words,
courses, pixels) [35]. To enable the proposed model to perceive information from dif-
ferent subspaces at different locations in the learner’s behavior sequence, a multi-head
self-attention mechanism is applied to perform information integration from different
subspaces. Specifically, firstly, the trainable matrix is utilized to linearly project A into
subspaces, and then the self-attention function Atten(-) is used to compute the m-head

attention embeddings head; € R (nxd/m)

, respectively, and immediately after that, the
multi-head attention function MH(-) is employed to output the multi-head attention re-
sults by horizontally concatenating the m-head attention embeddings and further linearly
projecting them.

head; = Atten (A'WE, AWK, AlWY)

(Aw2) (A WIK)T (12)

= softmax NI AlwY
MH(AI) = [headl;headz;...;headm]Wo (13)

where WlQ e RWxd/m) Wf< € RWxd/m) WlV e RExd/m) and WO e REXD) de-
note the learnable projection matrix, while Al WlQ € Rnxd/m) Al WZK € Rmxd/m) and
Al WIV € R(xd/m) yepresent the query, key, and value matrices in the self-attention mech-
anism, respectively. The temperature parameter \/d/m is introduced to avoid the phe-
nomenon of gradient vanishing.
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3.4.2. Feed-Forward Network

In this work, a feed-forward network is used to inject the nonlinear transformation
into the newly generated hidden layer embedding, and the nonlinear transformation layer
is denoted as follows:

CFFN(AI) _ {FFN(%)T;. . ;FFN(hln)T]T (14)

FEN(x) = GLUE (xwl1 + bll) W) + bb (15)

In the feed-forward network, the FEN(-) function is utilized to realize the two-layer nonlin-
ear transformation, and the GLUE( ) activation function is used for nonlinear activation in
the middle layer. The CFEN(-) function is employed to horizontally concatenate the hidden
layer embeddings at all locations that have been injected into the nonlinear transformation.
In addition, Wl1 € RUxk), le € Rkxd) bll € R(1xK) and blz € R(1x4) denote the learnable
projection matrices and bias terms, respectively, while k is the projection matrices” and bias
terms’ dimensions.

3.4.3. Stacked Multi-Layer Transformer

To further enhance the course recommendation effect of the AIHR-PCRM model, multi-
layer transformers are stacked. In addition, the Dropout(-) function is applied to prevent
model overfitting, and the layer normalization LN(-) function for network stabilization
and network training acceleration are expressed as follows:

Al = Trm <A[71) (16)
Trm (Al *1) — LN (r’ ~1 4 Dropout (CFFN (r’ *1> )) 17)
r'-' =N (AH + Dropout <MH (Al *1) )) (18)

where Trm(-) denotes one of the layers of the multi-layer transformer, while I' ! denotes
the hidden layer embedding in the (I — 1)-th layer transformer after layer normalization
and the multi-head attention mechanism.

3.5. Prediction

Eventually, a multi-layer perceptron layer (MLP) is employed to further learn the
interaction signals between dense features and inputs the output prediction result matrix
into a softmax(-) function to convert numerical data into probabilistic data, which is
formulated as follows:

¥ — softmax (MLP (Af )),Preds = EX(¥) (19)

where Af € R("*4) represents the output from the last layer of the stacked multi-layer

transformer. ¥ € R("*[CD)

denotes the probability estimation matrix, which is obtained
through the MLP layer and the softmax(-) function and using the EX(-) function to obtain
the last row of the probability matrix ¥, and Preds denotes the probability prediction value
of the learner s who chooses any course in the course set as the next course. The Top-K
scheme is used for course recommendation, where the AIHR-PCRM model recommends

only the top K courses with the highest probability.

3.6. Objective Function
3.6.1. Cross-Entropy Loss

To make the proposed model consistent with the actual learner course recommendation
scenarios, the cloze task is used as the training target of the AIHR-PCRM model to realize

https://doi.org/10.3390/info17060598


https://doi.org/10.3390/info17060598

Information 2026, 17, 598

12 of 23

the bidirectional information modeling of the learners’ behavior sequences. Since the
bidirectional self-attention module (BSM) causes output course representations to contain
information about the target course, we randomly mask the courses in the learners’ behavior
sequences at a ratio of p to avoid the problem of label leakage. Then, unmasked courses are
utilized to predict masked courses. The cross-entropy loss function is expressed as follows:

1 exp(¥ur)
L, = — —1lo _— (20
T, g(zjecexpm,j)) )

where ¥ € R("<IC1) denotes the probability estimation matrix. B denotes the true position
set of masked courses in each batch of data, and U represents the set of masked positions
corresponding to B. C denotes the set of all courses.

3.6.2. Cross-View Contrastive Learning

For the same course c;, the initial embedding c; (sequence view) is learned from each
learner’s local behavior context, while the hypergraph embedding (51.(5) is learned from
cross-learner course co-occurrence patterns via the hypergraph message-passing paradigm
(HMP). The two embeddings encode the same semantic entity from complementary per-
spectives from local-sequential to global-collaborative. Forcing them to be close is therefore
a natural multi-view consistency constraint, encouraging both encoders to converge on a
shared, discriminative representation. For each anchor course ¢; in a training batch of size
B = 256 learner sequences, the positive sample is its own hypergraph-view embedding (51(;)
Candidate negatives are formed by all other courses c; (i’ # i) whose hypergraph views
appear in the same batch (in-batch negative sampling). After pooling, this yields on average
~50 candidates per batch. A candidate c; is masked out from the negative set whenever
¢y € Nyy(c;), where Ny, (¢;) = < ¢’ : 3h € £, ¢; and ¢’ both connected to i in H(¢) | denotes
the hyperedge-neighbourhood of ¢;. This masking rule prevents semantically related
courses (i.e., those that already share a high-order co-enrollment hyperedge with the an-
chor) from being treated as hard negatives, which would otherwise distort the learned
representation. The effective number of negatives per anchor is therefore approximately
(M —1) — |[Ny(c;) N B, typically 3040 in our experiments. Unlike SimGCL/XSimGCL
which generate positives via stochastic perturbations, AIHR-PCRM defines positives across
two semantically distinct views (sequence-local vs. hypergraph-global) of the same course.

The InfoNCE contrastive loss is defined as

i exp(s(ei,0,7) /7)
i=0 Yi—oexp (S (Ci’ 51(3‘ ) / T)

(21)

where Y denotes the set of unmasked course positions in each batch of data, while s(-)
represents the similarity between the two vectors, set as a cosine similarity function, and
the hyperparameter 7 is a tunable temperature hyperparameter.

3.6.3. Multi-Task Training

To strengthen the course recommendation performance of the proposed model, a
multi-task training strategy is used to optimize the contrast loss and cross-entropy loss,
which is formulated as

Li=Ly+ ML+ 12| OfF 22)

where Aj and A, are hyperparameters for two loss terms as L5 and £y, respectively, while
|l© ||12,: denotes the £; regularization term for weight decay.
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3.7. Complexity Analysis
We analyze the time and memory complexity of AIHR-PCRM module by module.

(1) HGM. The dominant cost of CHR is the high-order reachability computation AATA
with time complexity O(|C|2 - B) for the learner—course interaction matrix, where
B = S-invalid learners. The hyperedge filter requires pairwise cosine similarity over
the B columns, with cost O(|C| - B2) in the worst case, but is reduced to O(|C| - B - 6.)
after early termination on similarity violations. Crucially, CHR is computed only once
as a preprocessing step. The per-layer HMP complexity is O(|C| - 6. - d), which is
comparable to LightGCN on a graph of similar density.

(2) JEM. Pure embedding lookup and averaging, with cost O(n - d + |c, - d| + |s4 - d|) per
learner, which can be negligible compared to HGM and BSM.

(3) BSM. Standard transformer cost, O(L - n? - d) per training step, where L is the number
of stacked transformer layers and # is the sequence length.

Overall, the total time complexity of the proposed AIHR-PCRM is O(|C|*- B+ |C| - B -
0. +|C|-6.-d+L-n?-d).

4. Experiments and Results

In this section, the experiment design and the results are shown by using the proposed
course recommendation model. The AIHR-PCRM model’s practicability and effectiveness
are demonstrated through comparing it with several existing recommendation models.
Additionally, the impact of different modules and hyperparameter settings on the perfor-
mance of the proposed model is analyzed, and the robustness of our proposed model in
handling sparse data is further demonstrated through a data sparsity study.

4.1. Datasets

We use three datasets: XuetangX [36], MOOCCube [37], and CNPC. The dataset
statistics are summarized in Table 1.

Table 1. Statistical information of the datasets.

Dataset User Course Learner—C‘ourse Average Lefarner
Interaction Interaction
XuetangX 82,535 1032 458,454 5.6
MOOCCube 55,203 706 354,541 6.4
CNPC 31,890 238 325,199 10.2

We adopt a strict per-user chronological leave-one-out split as our main experimental
protocol. For each learner whose interaction sequence has length n > 3, interactions are
sorted by timestamp; the most recent interaction is held out as the test sample, the second-
to-most-recent as the validation sample, and the remaining (1n — 2) interactions form the
training data. Learners with fewer than three interactions are filtered out during preprocess-
ing because they cannot yield disjoint train/validation/test samples under leave-one-out.
This filtering rule is consistent with BERT4Rec and SASRec, and removes fewer than 1.5%
of learners on each of the three datasets (final retained learners: 81,604 /54,887 /31,612 for
XuetangX/MOOCCube/CNPC). As a complementary robustness check, we additionally
evaluate all methods under a strict global temporal split in Appendix B; the relative ranking
of all methods is preserved.

The attribute information of learners and courses, including learner preferences and
course features, can improve the course recommendation accuracy of the proposed model.
Therefore, the attribute information for courses and learners is collected from three real
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datasets, as shown in Table 2. All three datasets (XuetangX, MOOCCube, CNPC) are
publicly released with prior anonymization of learner identifiers, and our use complies
with their respective data-use agreements. In response to reader concerns about fairness
and privacy, we removed the sensitive attributes Gender and City from the input of
AIHR-PCRM in the experiments. The remaining attributes are academically grounded
(e.g., Qualification, Enroll Time, Age Binned).

Table 2. Statistics of attribute information.

Attributes
Course Name, Categories, Keywords, Chapter, Duration, ...
Learner Name (anonymized), Age, Qualification, Enroll_time, ...

4.2. Baseline Methods

To evaluate our proposed method, we compare it with the following baselines:

HGCR [28]: This is a novel deep reinforcement learning-based personalized interactive
course recommendation scheme enhanced with the heterogeneous graph, which smoothly
combines the graph neural network with an advanced deep Q-learning neural network.

MECE [30]: To cope with the challenge of using a single modality or a limited subset
of modalities for recommendation, a multimodal enhanced online learning collaborative
filtering method is designed.

Light-GCN [17]: This method learns the student and course embeddings by linearly
spreading the student and course embeddings on the student-course interaction graph,
and uses the weighted sum of the embeddings learned in all layers as the final embedding.

ISRA [31]: The proposed approach uses the advantages of personalized recom-
mendation algorithms in filtering applications to reconstruct the music performance
training system.

HGNN [23]: The model treats learners as hyperedges of the set of courses in a hy-
pergraph and transforms the task of learning learners’ representations into an embedding
that induces hyperedges, and subsequently, a hyperedge-based graph attention network is
designed based on it.

MFHCR [24]: This model utilizes a hypergraph to model the interactive information
between users and courses to obtain a comprehensive user representation to generate
recommendation results.

XSimGCL [20]: Based on SimGCL, this method is improved by using noise enhance-
ment and inter-layer contrastive learning, and achieves the same effect as SimGCL by
unifying task recommendation and task comparison, while reducing the time complexity
of the model.

HHCOoR [22]: It constructs an online course hypergraph as the environment to capture
the complex relationships and historical information by considering all entities, and de-
signing a multi-channel propagation mechanism to aggregate embeddings in the online
course hypergraph and extract user interest through an attention layer.

4.3. Evaluation Metrics

To measure the accuracy of the proposed model, we use two Top-N evaluation metrics,
including Recall@N and NDCG@N, while R and N are used uniformly as simplified
expressions for the evaluation metrics Recall and NDCG. To improve the reliability of the
experimental results, N is set to 10, 20.
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4.4. Parameter Settings

To compare fairly, all models in our experiments are trained from scratch and are
initialized with the Xavier method. We use Adam optimizer with the learning rate of
1 x 1073 and 0.96 decay ratio for model inference. The embedding dimension for the
proposed model is set to 128. In hypergraph learning, the number of hyperedges to
filter is chosen from {0.5,0.6,0.7}. Moreover, the number of layers in the hypergraph
message-passing architecture is set to two. The hyperparameters A1 and A; are chosen from
{1 x 107°,1x107%,1x1073,1 x 10’2}, and the temperature parameter 7 is chosen from
{0.3,0.5,1,5,10}.

For complete reproducibility, we report all hyperparameter settings in Table 3. All
reported numbers in Tables 4 and 5 are the mean =+ standard deviation over five indepen-
dent runs with random seeds {42,123, 456,789,1000}. For each dataset and each metric we
additionally performed a paired two-tailed t-test between AIHR-PCRM and the strongest
baseline (HHCoR). All improvements in Table 4 are statistically significant at the 1%
level (p < 0.01), with most significant at the 0.1% level. Wilcoxon signed-rank tests give
identical conclusions.

Table 3. Full hyperparameter settings used in all experiments.

Hyperparameter XuetangX MOOCCube CNPC
Optimizer Adam Adam Adam
Learning rate (decay) 1 x 1073 (0.96) 1 x 1073 (0.96) 1 x 1073 (0.96)
Embedding dimension d 128 128 128

HMP layers 2 2 2
Transformer layers L

Attention heads m 4 4 4

Head dimension d/m 32 32 32

FEN hidden dim k 256 256 256
Dropout probability 0.1,0.3,0.6,0.8 0.1,0.3,0.6, 0.8 0.1,0.3,0.6, 0.8
Batch size 256 256 256

Max sequence length n 128 128 128

Mask ratio p 0.2,04,0.6 0.2,0.4,0.6 0.2,04,0.6
Max epochs 200 200 200
Early-stop patience 20 (on val R@20) 20 (on val R@20) 20 (on val R@20)
Random seeds 42,123, 456,789, 1000 42,123, 456, 789, 1000 42,123, 456, 789, 1000
Hyperedge threshold y 0.5,0.6,0.7 0.5,0.6,0.7 0.5,0.6,0.7

Contrastive weight A¢

{107°,107%,1073,1072}

{107%,1074,103,1072%}

{107,107%,1073,1072}

L2 weight A,

{107°,107%,1073,1072}

{1072,1074,1073,1072%}

{1072,107%,1073,1072}

Temperature T

{0.3,0.5,1,5,10}

{0.3,05,1,5,10}

{0.3,0.5,1,5,10}

4.5. Performance Comparison

In this subsection, we evaluate the overall performance of the proposed AIHR-PCRM
on three publicly real-world datasets and validate the effectiveness of our AIHR-PCRM
model by comparing it with various baseline models. The comparison results are re-
ported in Table 4, from which we have the following observations. All numbers are
mean + standard deviation over five seeds, and the rightmost column lists the relative im-
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provement of AIHR-PCRM over HHCOoR (the strongest baseline). All gains are statistically

significant at p < 0.01.

@)

@)

®)

(@)

(b)

(©

AIHR-PCRM has significant improvement over all the baselines on three datasets
for all metrics. Compared with HHCOoR, it improves by 11.71%, 10.75%, 9.75%, and
10.82% on XuetangX for R@10, N@10, R@20 and N@20, respectively. On MOOCCube,
it improves by 11.57%, 10.84%, 9.45%, and 14.67% for R@10, N@10, R@20, and N@20,
respectively. And on CNPC, it improves by 10.50%, 12.35%, 8.16% and 11.37% for
R@10, N@10, R@20, and N@20, respectively. This demonstrates the effectiveness of
the proposed model.

Some sequential recommendation methods (i.e., MECF and ISRA) cannot perform
better than AIHR-PCRM, which is specialized for MOOC recommendation. This
is because MOOC recommendation is not just a sequence modeling problem, and
learners” and courses’ attributes and the interactions between learners and courses
all play important roles in determining course selections. We also notice that
our proposed method performs better than the static recommendation approaches
(i.e., HHCoR and XSimGCL). These results demonstrate the importance of modeling
learners’ sequential behaviors rather than just considering their static interactions.
GNN-based sequential methods (i.e., MFHCR, HGNN, and AIHR-PCRM) have a
significant improvement over the RNN-based method (i.e., MECF). This is because
RNN-based methods can only capture courses’ short-term sequential relationships
and lack the ability of modeling courses’ long-term dependencies. Compared with
them, GNN-based methods connect all the courses in a hypergraph, and represent
each node by the representation of their adjacent neighbors, enabling them to learn to
a course embedding globally. AIHR-PCRM outperforms MFHCR and HGNN, which
again demonstrates the superiority of our CHR solution.

Beyond the numerical gains, we analyze why each design choice contributes theoretically.

Why AIHR-PCRM substantially outperforms RNN-based methods (e.g., MECF):
RNN-based methods are restricted to short-range sequential dependencies because of
gradient decay over long sequences. AIHR-PCRM bypasses this locality bottleneck
in two ways: CHR-derived hyperedges encode global course co-occurrence as one-
hop neighbors in the hypergraph (constant-distance access regardless of sequence
length), and BSM provides bidirectional attention that captures dependencies of
arbitrary distance.

Why AIHR-PCRM outperforms standard hypergraph methods (e.g., MFHCR, HH-
CoR): Standard hypergraph methods construct hyperedges directly from raw inter-
actions, producing high redundancy and noise. CHR reconstructs the hypergraph
by removing invalid learners and filtering redundant hyperedges, raising the signal-
to-noise ratio of the hypergraph structure. The downstream HMP then propagates
cleaner global collaborative signals, which explains the consistent gains across all
three datasets.

Why the improvement is largest on CNPC (e.g., 14.67% on N@20): CNPC has the
densest average learner interaction (10.2) among the three datasets, which makes
high-order reachable course sets more informative and CHR more effective. This
explains the dataset-dependent magnitude of improvement.

https://doi.org/10.3390/info17060598


https://doi.org/10.3390/info17060598

Information 2026, 17, 598

17 of 23

Table 4. Performance comparison on XuetangX, MOOCCube, and CNPC (chronological leave-one-out

split). All results are mean + std over 5 seeds, and * denotes p < 0.01 vs. HHCoR.

Dataset Metric HGCR MECF Light-GCN ISRA HGNN
R@10  0.0654+0.0025 0.0911+0.0021 0.1403 £ 0.0027 04382 +£0.0029  0.4964 = 0.0028
N@10  0.0537+0.0019 0.0798 +0.0022 0.1024 - 0.0025 02673 = 0.0024  0.2935 + 0.0027
XuetangX R@20  0.1632 +0.0025 02146 +0.0026 0.3518 +0.0031 0.5481 +0.0027  0.6674 = 0.0033
N@20 0.0614 £0.0023 0.0948 = 0.0026 0.1256 +0.0019 02932 +0.0025  0.3290 == 0.0029
R@10  0.1001 +0.0035 0.13124+0.0037 0.1874 +0.0042 0.3312+0.0038 03528 + 0.0045
N@10 0.0731 £0.0027 0.0939 +0.0036 0.1216 4+ 0.00290 02219 +0.0041  0.2396  0.0034
MOOCCube R@20  0.1662 +0.0037 02126+ 0.0039 02851 £ 0.0040 04237 £0.0032  0.4510 = 0.0045
N@20 01129 +0.0035 0.1523 +0.0027 0.1831 +0.0038 02719 +0.0029  0.2654 % 0.0040
R@10 0.1136+0.0051 0.1811+0.0045 02415+ 0.0042 02954 £0.0038  0.3916 = 0.0049
N@10  0.0615+0.0047 0.1043 +0.0045 0.1695 - 0.0038 0.1815 = 0.0041  0.2263 + 0.0037
CNPC R@20 0.1925+0.0044 02637 +0.0037 03233 +0.0048 03876 = 0.0037  0.4743 + 0.0040
N@20 0.1396 +0.0032 0.1686 = 0.0042 0.2216 + 0.0045 02613 +0.0041 03114 = 0.0056
Dataset Metric MFHCR XSimGCL HHCoR AIHR-PCRM Improvment
R@I0 05134 +0.0026 0.6123+0.0024 0.6216 +0.0031 0.6944 = 0.0034 +11.71% * (p < 0.001)
N@10 02997 £0.0019 03938 +0.0025 0.4129 +0.0024 0.4573 £ 0.0027 +10.75% * (p < 0.001)
XuetangX R@20  0.6921 +0.0026 0.7841 +0.0024 0.8016 = 0.0029 0.8798 + 0.0033  +9.75% * (p < 0.001)
N@20 03376 +0.0021 04508 +0.0027 04721 +0.0026 05232+ 0.0028 +10.82% * (p < 0.001)
R@I0 03715400036 04175+ 00040 04872 +0.0042 0.5436 = 0.0039 +11.57% * (p < 0.001)
N@10 02431 £0.0031 02911 +0.0028 03439 +0.0033 03812+ 0.0030 +10.84% * (p < 0.001)
MOOCCube R@20 04723 +0.0028 05719 +0.0034 0.6519 £ 0.0036 0.7135 = 0.0038  +9.45% * (p < 0.001)
N@20 02893 +0.0032 0.3249 +0.0038 03675+ 0.0035 0.4214 +0.0034 +14.67% * (p < 0.001)
R@I0 04242 +0.0032 05378 +0.0035 0.5537 +0.0048 0.6119 = 0.0046  +10.50% * (p < 0.01)
N@10 02871 +£0.0047 0.3357 = 0.0051 04418 +0.0042 0.4964 = 0.0040  +12.35% * (p < 0.01)
CNPC R@20 05492 +0.0051 0.6188 +0.0053 07512+ 00040 08125+ 00042  +8.16% * (p < 0.01)
N@20 03818 £0.0038 04412 +0.0043 0.5036 + 0.0038 05612+ 0.0041  +11.37% * (» < 0.01)

4.6. Ablation Study

)

@)

®)

To evaluate the impact of the modules, we conduct ablation studies as shown in
Table 5. The variants are as follows: (1) AIHR-PCRM: The proposed model. (2) AIHR-
PCRM-w/o JEM: JEM removed. (3) AIHR-PCRM-w /o CHR: CHR removed. (4) AIHR-
PCRM-w /o0 BSM: BSM disabled. (5) AIHR-PCRM-w /o JEM&CHR: Both JEM and CHR
removed simultaneously.

Validity of JEM: AIHR-PCRM outperforms AIHR-PCRM-w /o JEM by 3.81%/6.86% on
XuetangX R@20/N@20, 4.59%/9.09% on MOOCCube, and 8.87%/14.04% on CNPC.
This indicates that attribute encoding helps the model perceive specific features of

learners and courses.
Validity of CHR: AIHR-PCRM-w /o0 CHR drops by 9.08%/20.58%, 12.91%/27.12%,
and 20.92%/36.11% on the three datasets for R@20/N@20, demonstrating that HGM

with CHR captures high-quality global collaborative

alleviates sparsity.
Validity of BSM: AIHR-PCRM-w/o BSM drops by 6.98%/9.80% on XuetangX,
7.73%/16.51% on MOOCCube, and 13.83%/28.98% on CNPC, confirming that bidi-
rectional attention captures long-range dependencies.

relationships and
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(4) Joint contribution of JEM and CHR: On XuetangX R@20, removing JEM alone drops
performance by 3.67% and removing CHR alone drops by 8.92%, summing to 12.59%.
The newly added variant AIHR-PCRM-w /o JEM&CHR drops by 18.32%, which
exceeds the sum of the two individual drops. The same super-additive pattern
holds on MOOCCube (combined drop 22.59% vs. sum-of-singles 16.83%) and CNPC
(combined drop 27.68% vs. sum-of-singles 25.85%). This provides empirical support
that JEM and CHR/HGM are jointly beneficial rather than merely additive: the two
modules co-adapt through the shared gradient pathway derived, so disabling one
already reduces the effectiveness of the other.

Table 5. Ablation study (mean =+ std over 5 seeds).

Variants XuetangX R@20 XuetangX N@20 MOOCCube R@20 MOOCCube N@20 CNPC R@20 CNPC N@20
ATHR-PCRM 0.8798 £0.0033  0.5232 % 0.0028 0.7135 + 0.0038 0.4214 + 0.0034 0.8125+£0.0042  0.5612 % 0.0041
AIHR-PCRM- 0.8475+0.0036  0.4896 % 0.0030 0.6822 = 0.0041 0.3863 & 0.0037 0.7463 £0.0044  0.4921 + 0.0044
w/oJEM

AIHR-PCRM- 0.8013:0.0040  0.4339 & 0.0034 0.6319 & 0.0044 0.3315 = 0.0040 0.671940.0049  0.4123 + 0.0048
w/o CHR

AIHR-PCRM- 0.8224+0.0038  0.4765 + 0.0032 0.6623 & 0.0042 0.3617 + 0.0038 0.7138 £0.0046  0.4351 + 0.0046
w/o0 BSM

AIHR-PCRM- 0.71860.0049  0.4012 + 0.0042 0.5523 & 0.0051 0.2941 4 0.0044 0.5876 +0.0058  0.3528 = 0.0053
w/0 JEM&CHR

4.7. Data Sparsity Study

To further test the impact of data sparsity on the performance of the proposed AIHR-
PCRM model, a series of experiments with different data sparsities are conducted. Learners
are categorized into groups based on the number of interactions they have with the course.
For example, the first group in the learner-side experiments contains learners interacting
with 0-5 courses. The summarized results are compared with three representative baseline
models, ISRA, MFHCR, and HHCoR in Figure 3. Obviously, the hypergraph global col-
laborative learning module (HGM) can capture implicit global collaboration relationships
to solve the sparsity issue of the learner behavior sequence. It can also be observed that
ISRA, MFHCR, and HHCOoR perform relatively unstably at different data sparsities. This
suggests that ISRA, MFHCR, and HHCoR may not be able to capture high-quality learner
preference representations from sparse interaction data.

4.8. Impact of Model Hyperparameters

In this section, we study the impact of several key hyperparameters (i.e., hyperedge
filtering ratio parameter y and temperature hyperparameter 7) in our AIHR-PCRM and
report the evaluation results in Figures 4 and 5.

(1) Impact of the hyperparameter T on the proposed model performance: In the con-
trastive learning framework, the hyperparameter 7 controls the strength of the con-
trastive loss to recognize hard negative samples. From the evaluation results in
Figure 4, it can be observed that the best recommended performance is obtained
by using T = 1.0. A larger value of 7(t > 1.0) makes the gradient of learn-
ing hard negative samples become smaller, which leads to a degradation of the
recommendation performance.

(2) Impact of the hyperparameter <y on the proposed model performance: As shown in
Figure 5, when the value of - is at 0.6, the performance of the model on three datasets
can reach a better level. This is because the AIHR-PCRM model was initially modeled
to capture diverse and high-quality implicit collaborative signals between courses.
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Figure 5. The influence of hyperedge ratio on XuetangX (a), MOOCCube (b), and CNPC (c) datasets.

5. Conclusions

In this work, we propose the AIHR-PCRM model to alleviate the issue of data sparsity
for learners’ behavior sequences, as well as the attributes of the course that are not com-
prehensively studied in the existing course recommendation methods. The model utilizes
the course hypergraph reconstruction (CHR) technique to construct the course hypergraph
structure and captures the implicit global dependencies between courses through a hyper-
graph message-passing paradigm to alleviate the data sparsity issue. Learner and course
attribute representations are also jointly encoded with course hyper-embeddings to capture
richer learner behavioral features. Experimental results based on the XuetangX, MOOC-
Cube, and CNPC datasets show that the personalized course recommendation performance
of the AIHR-PCRM model outperforms that of the existing frontier baseline model. We
identify two promising directions for future work. (i) Attribute-driven feedback between
modules: The current AIHR-PCRM fuses attribute, sequence, and hyperedge information
additively. A natural extension is to allow attribute embeddings to feed back and modu-
late the weights of specific hyperedges, e.g., through an attention gate. Our preliminary
experiments (Appendix A) show that this direction is technically feasible but introduces
training-stability challenges that warrant further investigation. (ii) Multi-learner behavioral
interactions: The impact of cooperative/competitive interactions among learners on course
recommendation remains an open research direction.
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Appendix A. Preliminary Feedback-Mechanism Experiments

To incorporate inter-module feedback, we implemented an attention-based gate
where attribute embeddings modulate the hypergraph embeddings before joint encoding;:

51«(5) o WM ) Ms:| ) ©) 514(?. On MOOCCube R@20, this variant achieved a marginal
improvement of +0.6% (0.7178 vs. 0.7135) but reduced training stability (validation NDCG
std doubled from 0.004 to 0.009) and increased convergence time by 35%. We therefore
retain the additive fusion form as the main model but report this preliminary result for

completeness and as motivation for future work.

Appendix B. Robustness Under Global Temporal Split

As a complementary robustness check beyond the per-user chronological split used in
the main experiments, we re-evaluate all methods under a strict global temporal split: all
interactions before timestamp #,,;, serve as training data, those between t,;,, and ¢, serve
as validation data, and those after ¢, serve as test data (using the 70%/20%/10% temporal
quantiles per dataset). Although absolute scores drop slightly for all methods (due to
harder generalization to entirely future time periods), the relative ranking is preserved and
AIHR-PCRM continues to outperform all baselines across all metrics.
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