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Abstract

Objective: Utilizing knowledge point attributes and learning access sequences in
the learning tree, predictive ratings are generated for knowledge points, enabling
user similarity clustering for collaborative filtering recommendations, thereby
improving traditional online learning recommendation methods and enhancing
recommendation quality. Method: Knowledge point attributes, knowledge point
learning access sequences, learning frequency, and learning time from users are
standardized to construct a learning tree. Based on this learning tree, predic-
tive ratings are generated for knowledge points within the tree. User similar-
ity is then calculated using Pearson similarity and cosine similarity based on
predictive ratings, knowledge point attributes, and knowledge point learning
sequences. Similar users are clustered using the K-means clustering method,
and collaborative filtering recommendation methods are subsequently employed
for online learning recommendations. Results: Experimental evaluation using
the F-measure metric demonstrates that compared with traditional online learn-
ing collaborative filtering recommendation methods, the proposed method’ s F-
measure exceeds singular value decomposition collaborative filtering by 8.22%
and average score prediction collaborative filtering by 3.75%. Limitations: Mod-
eling and testing are conducted solely based on 52,456 student learning records
and logs from a specific online learning platform, without further validation on
other datasets. Conclusion: This approach addresses the limitations of collabo-
rative filtering recommendations that rely on user ratings, while also considering
the impact of user interest drift on recommendation accuracy, offering valuable
guidance for solving cold start and scalability issues in online learning.
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Full Text
Abstract

[Objective] This paper aims to improve traditional online learning recommen-
dation methods and enhance recommendation quality by utilizing the attributes
and access sequences of knowledge points in learning trees to predict ratings for
knowledge points, thereby performing user similarity clustering for collaborative
filtering recommendation.

[Methods] We standardized the attributes of knowledge points learned by users,
knowledge point learning access sequences, learning frequency, and learning time
to construct learning trees. Based on the learning trees, we predicted ratings for
knowledge points within the trees. Using the predicted ratings and knowledge
point attributes and sequences, we calculated user similarity through Pearson
similarity and cosine similarity respectively, employed K-means clustering to
group similar users, and subsequently implemented online learning collaborative
filtering recommendations.

[Results] Experimental evaluation using the F-measure metric demonstrated
that compared with traditional online learning collaborative filtering recommen-
dation methods, the proposed method’ s F-measure exceeded singular value
decomposition collaborative filtering by 8.22% and average score prediction col-
laborative filtering by 3.75%.

[Limitations] The modeling and testing were conducted solely based on 52,456
student learning records and logs from a single online learning platform, without
further validation on other datasets.

[Conclusions] The proposed method addresses the shortcomings of collabora-
tive filtering recommendations that rely on user ratings, while considering the
impact of user interest migration on recommendation accuracy, offering valuable
guidance for solving the cold start and scalability issues in online learning.

Keywords: Online learning recommendation; Collaborative filtering; Learning
tree; Learning access sequence
Classification codes: TP301.6; G35

Introduction

In recent years, online learning has become widespread, and locating the most
needed learning materials among massive resources represents the greatest chal-
lenge in online learning. The emergence of online learning recommendation
systems enables better positioning of learning resources that best match learn-
ers’interests. Over the past decade, the TEL community has conducted in-depth
research on online learning recommendations[1], with recommendation systems
being one of the technologies designed to facilitate online learning by creating
personalized learning environments for users.
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Currently, mainstream recommendation algorithms primarily include content-
based online learning recommendation, collaborative filtering (CF) online learn-
ing recommendation, and hybrid recommendation algorithms. Content-based
recommendation establishes a learning interest model for users and matches
this model with resource attributes to recommend resources with the highest
matching degree. Collaborative filtering recommendation clusters users with
similar interests based on their preferences and performs cross-recommendations
among similar users, representing the most widely applied and mature online
recommendation system to date. Both methods have distinct advantages and
disadvantages: content-based recommendation only considers users’ existing in-
terests in learned resources without discovering potential future learning in-
terests, while collaborative filtering suffers from cold start problems for newly
registered learners and sparsity issues when users are unwilling to leave learning
records or comments. Hybrid recommendation methods aim to combine the
strengths of both approaches, but effectively integrating these two algorithms
remains the greatest challenge for hybrid recommendation.

This paper builds upon collaborative filtering recommendation by standardizing
resource attributes, access sequences, learning frequency, and learning time to
construct a learning tree for each user. User similarity calculation and clus-
tering are then performed based on these learning trees to implement online
learning collaborative filtering recommendations. Compared with traditional
collaborative filtering algorithms that rely on user ratings, the proposed method
demonstrates better recommendation accuracy while considering the impact of
user learning interest migration on recommendation quality, and effectively ad-
dresses the sparsity and cold start problems inherent in collaborative filtering
recommendation systems.

Literature Review

Currently, online learning recommendation methods proposed by scholars do-
mestically and internationally primarily include content-based online learning
recommendation, collaborative filtering online learning recommendation, and
hybrid recommendation algorithms. The recommendation principles, advan-
tages, and disadvantages of each algorithm are analyzed as follows.

Content-based online learning recommendation has been explored by researchers
such as Khribi et al.[2], who matched users’ recent navigation history with
learning resource content to automatically generate online learning suggestions.
Sharif et al.[3] designed a recommendation framework that matches learning
resource keywords with users’ learning interest tags to implement recommen-
dations, assigning weights to learning resources and further ranking them by
importance level. However, the content-based recommendation algorithm only
considers matching between learning resources and user interest features without
accounting for similarity between users, resulting in recommendations limited
to resources users have already learned and shown interest in[4], while failing
to recommend unencountered learning resources. To avoid these drawbacks of
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content-based learning recommendation, researchers have proposed new person-
alization schemes, such as collaborative filtering recommendation technology|5].

Collaborative filtering recommendation is employed by the vast majority of
online learning recommendation systems and is currently the most widely
applied recommendation method, which can be divided into three categories.
Neighborhood-based collaborative filtering discovers similarity between users
or learning resources through user rating data on learning content and
predicts recommendations for unrated resources. Model-based collaborative
filtering utilizes user rating matrices to build models that predict user ratings.
Demographic-based collaborative filtering employs demographic features for
user similarity calculation and recommends learning resources among similar
users[6]. In online learning environments, learning resources exhibit diverse
media formats, including text, hypertext, images, videos, audio, and slideshows,
making it difficult to measure resource similarity. Typically, recommendations
in online learning environments are implemented based on user preferences
for learning resources. Collaborative filtering is a popular recommendation
technology, but it has two obvious defects[7]. The primary defect is the sparsity
problem: many users are unwilling to rate learning resources, leading to missing
foundational data for user similarity calculation and consequently affecting
recommendation accuracy. Many researchers have supplemented sparse data
by mining implicit valuable information through data mining techniques. The
second defect is the cold start problem: newly launched learning resources with
few ratings are difficult to recommend even if valuable. Aher et al.[7] alleviated
sparsity and cold start problems by classifying learning resources according
to relevant computational rules. Based on attributes of learning resources in
multi-dimensional space, Salehi et al.[8] proposed a tree model for user interest
modeling and employed a novel similarity calculation method in the scholar tree
model to generate recommendations. Experimental results demonstrated that
their proposed method effectively alleviated cold start and sparsity problems.

To overcome the limitations of content-based and collaborative filtering recom-
mendations, most scholars have attempted to combine these two approaches.
Ge et al.[9] proposed a recommendation method integrating content-based and
collaborative filtering recommendations. Some scholars have attempted to feed
content-based recommendation results into collaborative filtering systems for
secondary screening using collaborative filtering techniques, while others have
attempted to filter collaborative filtering results through content-based recom-
mendation[10]. Since content-based and collaborative filtering recommendations
employ different recommendation philosophies, effectively combining them con-
stitutes the core challenge of hybrid recommendation. Although numerous hy-
brid methods have been proposed, recommendation accuracy and efficiency war-
rant further improvement.

To better represent resource features and user learning interests, models are
typically established for both resources and users. Wang et al.[11] proposed
representing resources through attributes of their classification categories. Kim
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et al.[12] further proposed building resource models through content feature at-
tributes of resources and ranking them by feature importance. Other scholars
have suggested modeling resources based on keyword frequency, where higher
keyword frequency indicates greater weight for that keyword in representing
the resource. Regarding user modeling, the earliest proposed method involved
building user models based on users’ personal social attribute information, which
might involve privacy concerns. Jalali et al.[13] built user models using features
of resources accessed by users, which could better reflect user learning prefer-
ences. However, this method can only discover historically expressed preferences
and cannot mine potential future learning preferences. Albadvi et al.[14] pro-
posed modeling current users based on the common preferences of user clusters
with similar preferences discovered through clustering methods, achieving favor-
able results.

We model users based on basic information such as access records, access time,
duration, and frequency of resources accessed by users. The user model consists
of predicted ratings of resources by users, resource access sequences, and user
preference transitions. We model resources through basic resource information,
with the resource model comprising resource attribute information and attribute
weights. Subsequently, we construct user learning trees through user models and
resource models, perform user similarity clustering through user learning trees,
calculate resource recommendation degrees, and implement recommendations.

The research framework of this paper is illustrated in Figure 1 [Figure 1: see
original paper].

Methodology
Resource Modeling

Learning resources can be classified according to resource types, such as mathe-
matics, physics, computer science, etc., with each type further subdivided (e.g.,
computer science can be divided into software, computer networks, etc.). The
types to which learning resources belong can serve as resource attributes. A
learning resource may possess multiple attributes; for instance, a resource may
belong to computer science, contain mathematical knowledge attributes, and
also have author, learning type, and other attributes. The attributes of learn-
ing resources should be multi-dimensional. Users may learn because they are
interested in certain attributes of resources. By counting the number of resource
accesses due to each attribute, we can obtain the weight contribution of that
attribute to the learning resource. A larger weight indicates that the attribute
is more important relative to the resource and more attractive to users. Based
on this, resources can be modeled as follows:

M = [(Aky, Awy), (Aky, Aw,), ..., (Ak,,, Aw,,)]

m?

where Ak,, represents the name of the m-th attribute and Aw,, represents
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the weight contribution of the m-th attribute to learning resource M. In this
paper, we set > (Aw,,) = 1. An example of a learning resource model is: M =
[(Linear Algebra, 0.35), (Probability Theory, 0.3), (Master’s Thesis, 0.2), (Some Author, 0.15)].

User Modeling

User models reflect users’ preference levels for learning resources, typically rep-
resented through user ratings of resources. However, according to Nielsen’ s[15]
90-9-1 theory, 90% of users only search, read, and browse online without partic-
ipating in interactions (such as rating resources); 9% of users may occasionally
participate in online interactions, but spend most of their time browsing; and
only 1% of users are willing to participate in online interactions while browsing.
Consequently, obtaining complete user ratings for modeling purposes to reflect
user interests is difficult. Nevertheless, user interest preferences for learning
resources can be derived by extracting and processing user access records. This
paper primarily processes two indicators—user access time and access frequency
to learning resources—to obtain user learning preferences.

We establish a set Ls, = {M;, M,, ..., M,, } for the sequence of learning resources
accessed by user ¢, where the set is sorted by the most recent access time, mean-
ing M, is the most recently accessed resource and M, is the least recently
accessed. Generally, the more time users spend on a resource, the more impor-
tant that resource is to them. However, sometimes users spend more time on a
resource simply because it contains more information, while less time might be
due to lower information content. Considering these factors comprehensively,
we process user access time to resources using Equation (1) to obtain users’
temporal interest degree.

TotalTime(L;, M;) /size(M;)

max,, (TotalTime(L,, M) /size(M,))

Time(L;, M;) =

where Time(L;, M;) represents temporal interest degree, TotalTime(L;, M;) rep-
resents the learning time spent by user i on resource j, and size(M j) represents
the information volume of resource j, typically the storage capacity of the re-
source.

The more frequently users access a resource, the more attractive that resource is
to them. We define users’ frequency interest degree for resources using Equation

(2):

Number_of visits(L;, M;)
max, . (Number of visits(L;, M,))

Frequency(L;, M;) =

where Frequency(L;, M j) represents frequency interest degree, Number_of visits(L,, M, j)

represents the number of times user 7 accessed resource j, and max, (Number_of visits(L;, M,))
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represents the access count of resource M, that user ¢ visited most frequently
among resources other than j.

Comprehensively considering both temporal and frequency interest degrees for
a learning resource, we standardize them using Equation (3) to obtain the pre-
dicted rating of the resource by the user.

MR(L;, M;) = 5 x Nor(Frequency(L;, M) + Time(L;, M;))

MR(L;,, M j) is the predicted rating of resource j by user ¢ based on temporal
and frequency interest degrees. Nor() is a normalization function that processes
temporal and frequency interest degrees into values between 0 and 1. The
predicted rating here ranges from 1 to 5 points and updates dynamically as
users’ resource access patterns change.

It should be noted that the most recent access time to learning resources can
reflect the dynamic shift of user learning interests. In E-Learning environments,
user interest in learning resources changes dynamically, with recently accessed
resources better reflecting future learning preferences. Previous user learning
models treated all learning resources equally, ignoring the impact of resource ac-
cess temporal order on user preferences. The forgetting function curve proposed
by German psychologist Ebbinghaus[16] reflects human forgetting patterns for
new information. Based on this forgetting function, we design an exponential
function to reflect the dynamic shift of user preferences for learning resources,
as shown in Equation (4):

0<h(z)<1

x(M;) represents the order of resource j in user 7’ s resource access sequence set
Ls;. As evident, the later the order of z(M;) in Ls; (the larger the value), the
weaker user ¢ s preference for resource j, and the smaller hA(z) becomes. A is a
tuning parameter reflecting the rate of change in user preference for resources;
a larger A results in more pronounced changes in h(x), indicating more obvious
forgetting. When A is set to 0.95, the variation of h(z) is shown in Figure 2
[Figure 2: see original paper].

Based on users’ resource access sequences, predicted ratings of resources, and
h(z) reflecting preference shifts, we establish a learning tree model for users as
illustrated in Figure 3 [Figure 3: see original paper].

The learning tree is an m + 1 level tree structure, where m represents the
number of resource attributes accessed by the user. The bottom level consists
of leaf nodes representing learning resources accessed by the user, expressed as
a quadruple {MID,OR, NH, MR}, where MID represents resource ID, OR
represents the access order of the resource by the user, NH represents the
normalized h(z) value of the accessed resource, and M R represents the predicted
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rating based on temporal and frequency interest degrees. Non-leaf nodes in
the tree can be defined as a triple {KA, NH, MR}, where K A represents an
attribute keyword of the resource at that level. The NV H value of a node at level
1 can be represented as the sum of NH values of its successor nodes at level
i+ 1, and the M R value of a node at level i can be represented as the average
MR of all leaf nodes in its subtree. Based on the learning tree shown in Figure
3, the user’ s N H value for information technology is 0.24 and for mathematics
is 0.76, reflecting a shift in the author’ s interests.

Whenever a user accesses a learning resource, the learning tree is updated based
on access duration, frequency, and order. If the learning resource node does not
exist in the learning tree, the node is added and the tree is updated. The
dynamic update process of the learning tree is as follows:

(1) When user accesses an existing resource node M, (leaf node) in the learn-
ing tree, the user’ s learning time and frequency are recorded, and the
user’ s resource access sequence is modified. Equation (1) is used to cal-
culate the user’ s temporal interest degree in the resource, Equation (2)
calculates the frequency interest degree, and Equation (3) yields the pre-
dicted rating to update the M R in leaf node {MID,OR, NH, MR}. The
changing resource access sequence is used to recalculate dynamic inter-
est degree using Equation (4) to update NH, and the changed sequence
updates OR. Since NH and MR values in upper-level non-leaf nodes
{KA,NH, MR} are averages of their lower-level nodes, after leaf node
updates are completed, upper-level non-leaf nodes in the learning tree are
updated accordingly.

(2) If the user accesses a resource node (leaf node) that does not exist in the
learning tree, the leaf node {MID,OR, NH, M R} values are calculated as
above, and a new leaf node is added under the corresponding non-leaf node
in the learning tree based on resource attributes, with dynamic updates
to its upper-level non-leaf nodes.

Similar Learning User Clustering

Currently, most collaborative filtering recommendation systems calculate user
similarity and implement recommendations based on user rating matrices for
learning resources. This approach has two drawbacks: (1) Some users are un-
willing to leave ratings for resources, or some newly launched resources have
not yet been evaluated by users, both leading to sparsity problems. (2) This
method overly relies on user ratings of learning resources while ignoring resource
attributes and user learning context, also resulting in reduced recommendation
accuracy.

The user learning tree model contains user learning resource attributes, pre-
dicted ratings of learning resources by users, learning order of resources, and
shifts in user learning preferences. This paper proposes a method for cluster-
ing similar users based on user learning trees, which can effectively avoid the
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drawbacks of traditional collaborative filtering while maintaining clustering ef-
fectiveness.

The user similarity calculation based on learning trees proposed in this paper
follows three principles: (1) The more similar the attributes of learning resources
in learning trees, the more similar the users’ learning interests. (2) The more
similar the learning order of resources in learning trees, the more similar the
users’ learning interests. (3) The more similar the predicted ratings of learning
resources in learning trees, the more similar the users’ learning interests.

User similarity calculation in this paper is divided into two parts: similarity
calculation based on learning tree resource attributes and similarity calculation
based on learning tree user ratings.

(1) Similarity calculation based on learning tree resource attributes,
sim 4 (L,, Ly), is as follows:

sim (L, L) = Zi[AV(Lava) NMW, x NH_,]
A >, [MW; x NH,;]

where AV(L,, L;) represents the intersection set of identical attributes in learn-
ing trees of user a and user b, MW, represents the weight of attributes at level
i in the learning tree. In this paper, we define iMW = 27¢. NH_, represents the
NH value of user @' s learning tree node at level i. The deeper the node level
where :MW resides, the larger the value.

(2) Similarity calculation based on learning tree resource predicted ratings,
simp(L,, L), is as follows:

| Zl (MRai - ma)(Msz - 1\/Iil%bﬂ
VIS, (MR, — MR, )2 x 3, (MR, — MR, )?]

SimR(La, Lb) ==

where L represents the leaf node set, MR,; and MR;; represent the predicted
ratings of the i-th leaf node by user a and user b respectively, and MR, and
MR, represent the average predicted ratings of user a and user b.

The above two similarity calculation formulas consider only learning resource
attributes and predicted ratings, effectively eliminating cold start and sparsity
problems. The final similarity between user a and user b is:

LearnerSim(L,, L) = a x simg(L,, L) + (1 — &) x sim 4 (L, L)

where « is the weight of simp(L,, L;) and sim4(L,, L;). Through testing with
different « values on the dataset, we found that o = 0.7 yields the best recom-
mendation performance.
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Collaborative Filtering Recommendation

The recommendation process is as follows: (1) As users’ learning progresses,
learning trees are generated and dynamically updated for users; see Section 4.2
for the learning tree generation and update process. (2) User similarity is calcu-
lated based on resource attributes and predicted ratings in user learning trees;
see Section 4.3 for the user similarity calculation process. (3) To determine
whether resource M, that user L; has not encountered is worth recommend-
ing to that user, we propose a recommendation degree indicator RD(L;, M),
calculated as follows:

RD(L;, M;) = Y [LearnerSim(L,, L,) x (MR,; — MR,)]
qeLMj

LM; is the set of all users who accessed resource M;, ¢ is a learning user in
this set, LearnerSim(L;, L,) is the similarity between user 7 and user ¢ obtained
based on Equation (7), MR,; is the predicted rating of resource M; by user ¢
obtained based on Equation (3), and WRq is the average predicted rating of all
resources by user q.

Based on the recommendation degree indicator, we can recommend the Top-n
unlearned resources with the highest recommendation degrees to learning users.

Experimental Data

The experimental data in this paper consists of access data from a foreign online
learning resource platform, containing complete user access records and basic
resource information. We extracted access data from September 2009 to Febru-
ary 2011. This dataset includes 52,456 learning records from 2,354 users and
3,254 learning resources, with complete basic information. Learning resources
contain basic attributes including resource ID, resource address, upload time,
resource size, appropriate learning level, resource classification, difficulty level,
etc., among which resource ID and classification can be used for resource mod-
eling. User access logs contain information such as user ID, access path, and
timestamp, where resource ID, resource size, and timestamp can be used to cal-
culate temporal interest degree (Equation (1)) and user interest shift (Equation
(4)), while user ID and resource ID can be used to calculate frequency interest
degree (Equation (2)). Rating logs contain basic information including user 1D,
resource ID, and rating.

Comprehensive information including resource modeling, temporal interest de-
gree, frequency interest degree, and user ratings can be utilized for user modeling
(user learning tree). Based on user learning trees, user similarity calculation can
be performed (Equations (5) and (6)), and collaborative filtering recommenda-
tions can be implemented.
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Experimental Results
Recommendation Precision, Recall and F-measure

Recommendation quality is typically measured using two metrics: recommenda-
tion precision and recall. Precision is the ratio of recommended relevant items to
total recommended items[17]. Recall is the ratio of recommended relevant items
to total relevant items (that should be retrieved). The calculation formulas for
precision and recall are as follows[18]:

[{relevant_ items} N {recommended_ items}|

Precision —
recision [{recommended_items}]|

Recall [{relevant__items} N {recommended__items}|
ecall =

|{relevant_items}|

Since precision and recall are contradictory metrics, this paper adopts the F-
measure metric for experimental evaluation, which combines both precision and
recall.

2 x Precision x Recall
F-measure =

Precision + Recall

Impact of Different o Values on F-measure

Experiments show that when « is set to 0.7, a higher F-measure value is obtained,
while smaller values yield poorer recommendation performance. User predicted
ratings fully reflect the similarity of users’ access duration and frequency to
learning resources, thus better indicating the proximity of user learning pref-
erences compared to user attribute similarity (similarity in accessed resources).
As shown in Figure 4 [Figure 4: see original paper|, when « is small, the weight
of user attribute similarity is larger and the F-measure value is lower. As «
increases, the weight of user predicted ratings grows and the F-measure value
rises accordingly. However, when « exceeds 0.7, the F-measure value decreases
again. This is because user predicted rating similarity only considers users’ in-
terest in leaf nodes (learning resources) without considering users’ interest in
resource categories from the perspective of the entire learning tree. Therefore,
an excessively large o value negatively impacts recommendation quality.

The experimental results objectively demonstrate that user similarity based on
predicted ratings has a greater influence on user clustering effectiveness than
user similarity based on resource attributes.

Comparison with Other Recommendation Methods

Currently, two effective collaborative filtering recommendation methods for elim-
inating sparsity and cold start problems are the classic singular value decompo-
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sition collaborative filtering proposed by Sarwar et al.[19] and the average score
prediction collaborative filtering[17].

The singular value decomposition collaborative filtering recommendation algo-
rithm extracts the most essential features from the original user rating matrix to
provide a simplified approximation matrix. This method eliminates weakly cor-
related data, thereby reducing the dimensionality of data to be processed. Since
the recommendation system only processes the simplified matrix and considers
only low-dimensional data after dimensionality reduction, computational com-
plexity is reduced to some extent, making it one of the more classic collaborative
filtering recommendation algorithms.

The average score prediction collaborative filtering recommendation method,
proposed by Devi et al.[17], pre-clusters users with similar ratings and predicts
unrated data for users based on similarity within clusters. Its essence lies in pre-
dicting ratings for unrated products based on similarity of rating values from
similar users on rated products. This prediction method has also achieved good
results, offering some improvement in recommendation accuracy over singular
value decomposition collaborative filtering, and is currently a mainstream collab-
orative filtering recommendation method with high recommendation accuracy.

We compare our proposed method with singular value decomposition collabora-
tive filtering and average score prediction collaborative filtering, with F-measure
values shown in Figure 5 [Figure 5: see original paper].

The experimental results are analyzed as follows: (1) The F-measure of our
method exceeds singular value decomposition collaborative filtering by 8.22%.
(2) The F-measure of our method exceeds average score prediction collaborative
filtering by 3.75%.

The experimental results demonstrate that the proposed recommendation
method achieves better recommendation quality compared to the other two
classic recommendation methods, particularly showing much better perfor-
mance than the singular value decomposition collaborative filtering algorithm.
The singular value decomposition recommendation algorithm eliminates weakly
correlated data and extracts only the most essential features from the original
user rating matrix, but its decomposition effect significantly impacts recom-
mendation quality, resulting in large variations and unstable recommendation
performance. The average score prediction collaborative filtering performs
slightly better, but it can only cluster users and implement recommendations
based on learning resources that users have already rated. If there are many
unrated data (sparsity problem), its recommendation performance also suffers.
By removing some rated data to increase sparsity and conducting experiments,
we found that our method clearly demonstrates advantages. Additionally, it
can recommend “hot-click” resources to newly registered users, alleviating the
cold start problem to some extent. The experimental results are shown in
Figure 6 [Figure 6: see original paper].
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Conclusion

The user learning tree proposed in this paper fully considers user learning re-
source attributes, learning order of resources, predicted ratings of learning re-
sources by users, and shifts in user learning interests. Based on these factors,
user similarity clustering is performed, and learning resource recommendation
degrees are calculated through learned user similarities. This method can ef-
fectively avoid cold start and sparsity problems in collaborative filtering rec-
ommendation algorithms. Experimental evaluation results demonstrate that
the proposed recommendation method achieves high recommendation quality
in online learning.
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