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Abstract

Tag recommendation is widely applied across major websites, such as movie
websites and e-commerce platforms; however, existing methods neglect the con-
nections among multiple attribute features, failing to guarantee the accuracy of
recommendation systems in big data environments. To address this issue, we
propose a novel tag recommendation method based on user clustering and ten-
sor decomposition to further improve the quality of tag recommendation. The
method first clusters users who exert significant influence on products, then
comprehensively calculates the total weight based on multivariate relationships
among users, products, tags, and product ratings. Finally, it constructs a ten-
sor according to the clustered user groups and the total weights of multivariate
relationships, and performs tensor factorization. Compared with traditional
tensor decomposition methods, experimental results demonstrate that the pro-
posed method achieves a certain improvement in accuracy, thereby validating
the effectiveness of the algorithm.
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Abstract

Tag recommendation is widely employed across various websites, including
movie platforms and e-commerce sites. However, existing methods often
overlook the connections among diverse attribute features, compromising
recommendation accuracy in big data environments. To address this limitation,
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we propose a novel tag recommendation method based on user clustering
and tensor decomposition to further enhance recommendation quality. The
approach first clusters influential users, then comprehensively calculates total
weights based on multiple relationships among users, products, tags, and prod-
uct ratings. Finally, it constructs a tensor using the clustered user groups and
integrated relationship weights, followed by tensor factorization. Experimental
results demonstrate that our method achieves improved accuracy compared to
traditional tensor decomposition approaches, validating its effectiveness.

Keywords: tag recommendation; tensor factorization; weight; clustering

1 Introduction

Tag recommendation enables different users to annotate products (e.g., websites,
movies) with different tags (word lists), then predicts future tagging behavior
based on historical patterns to recommend products of interest to target users.
For instance, if two distinct users have tagged the same item, they tend to use
similar tags for other items in the future.

Currently, several tag recommendation methods employ tensor decomposition
techniques for tag ranking, including Higher-Order Singular Value Decom-
position (HOSVD) [1], Ranking with Tensor Factorization (RTF) [2], and
n-dimensional tensor factorization for context-aware collaborative filtering [3].
Rendle et al. [2] introduced two distinct tensor data interpretations: a 0/1
scheme and a position-based ranking scheme, demonstrating that RTF achieves
favorable prediction quality. Yang Qiuyong [4] proposed a weight-based ternary
relationship interpretation scheme (LORTF), which showed some improvement
but suffered from low computational efficiency. Krestel et al. [5] developed a La-
tent Dirichlet Allocation (LDA) approach that applies specialized terminology
with latent topics to recommend articles to users, where words from the same
topic may appear in other articles; however, this method lacks personalized
consideration.

With the rapid development of recommendation algorithms, many models have
been hybridized in recommendation systems, including Bayesian classifiers, clus-
tering, artificial neural networks, and decision trees. Reference [6] incorporates
social tags into two clustering methods: LDA-based K-means and generative
clustering, proving the value of tags as an additional information source for clus-
tering, though the resulting models lack a user dimension, leading to slightly
lower F'1 scores.

Tensor factorization models have been extensively studied across various do-
mains [7-9]. Kolda et al. [10] described two distinct tensor factorization methods:
CANDECOMP/PARAFAC and Tucker decomposition. Frolov et al. [11] intro-
duced tensor applications in social tagging systems and various related tensor
decomposition algorithms.
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2 Methodology

This section first introduces the tensor factorization model, then clusters users
based on their product usage activity and inter-user similarity. Within each user
group, we identify relevant tuple relationships and represent tuple importance
using a weight-based scheme. By integrating the comprehensive weights of “user-
product-tag-rating” relationships, we construct a tensor model, optimize it, and
finally generate recommendation lists for target users.

2.1 Tensor Factorization Model

This work primarily employs Tucker decomposition, a form of higher-order prin-
cipal component analysis that decomposes a tensor into a core tensor and cor-
responding factor matrices along each mode. The decomposition principle is
illustrated in [Figure 4: see original paper].

The tensor X decomposition can be expressed as:
XxaGx; Uxy,PxyT

where U € RM*"1 P € RV*"2 and T € RX*"s are low-rank feature matrices rep-
resenting the principal components in each mode. The core tensor G € R™1*"2*"s
captures interactions among the feature matrices, preserving the primary infor-
mation from the original tensor with certain stability. Typically, the compressed
tensor requires significantly less storage space than the original, meeting storage
requirements. After learning the feature matrices and core tensor, predictions
can be made as follows:

The hat notation indicates indexing along feature dimensions (e.g., @). The
predicted tensor values can be derived from the equation to generate Top-N
personalized recommendation lists.

2.2 User Clustering and Weight Calculation

2.2.1 User Clustering Due to large user sets, direct tensor construction
would substantially increase algorithmic complexity. To improve data processing
efficiency and recommendation accuracy, we cluster regular and active users
into similar user groups. Using adjusted cosine similarity, we calculate inter-
user similarity by treating each user’ s product set as an input vector after
subtracting the average rating of products rated by the current user. Active
users u, and regular users u, are represented as m-dimensional vectors where
vector elements represent product usage counts ts.

The similarity calculation is:
ZkePa,o (tsa,k - 2;'Sa)(tso,k - 25750)

. \/Zkepa (#3501 = 2;5‘1)2\/2:!%130 (o1 —15,)°

sim(u,, u,
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Based on similarity results, we select multiple active users as cluster centers and
iteratively sort similarities to assign each regular user to the most similar user
group, ultimately obtaining multiple cluster sets. We select two optimal clusters
for experiments, constructing tuple data from their associated products, tags,
and ratings for subsequent comprehensive weight calculation.

2.2.2 Comprehensive Weight Calculation The total comprehensive
weight integrates different dimensional weights, representing the overall tuple
relationship strength. User weights reflect activity levels based on product
and tag usage quantities. Product weights must consider both user and tag
influences on products, plus user rating magnitudes.

is based on the average of all user weights

The user weight on a product w,, ,

using that product:
ZkeU,, W,k

w, =
i LoA

The tag weight on a product w,, represents the proportion of tags marking a
product relative to the total tag set:

ZkeTp wt,k

Wyt =
P |T,|

The rating weight w, ; is the average rating given by the user community, cal-
culated as the total rating divided by the number of rating instances.

Product total weight w,, integrates these three relationships with different im-
portance levels, requiring distinct parameters:

Wy, = AW, o, + Agwy, ¢ + Azw,,
where A; € (0,1).

Tag weight w, considers only tag relationships, as user and product influences are
already incorporated in previously calculated weights. Tag weight is computed
as the ratio of a tag’s occurrence frequency to the maximum tag usage frequency
in the triple:
times(t)
! max(times)

The comprehensive weight combines user, product, and tag weights with pro-
portional parameters p;:

Wy pt = MW,y = PoW,, + fLaWy
where u,; € [0,1].

We classify all users into three categories based on activity: active users, regular
users, and inactive users. Active users, representing the most influential group
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with extensive product usage and tagging, receive higher weights. Inactive users
exhibit minimal platform engagement with negligible reference value and are ex-
cluded from model training. Regular users constitute the majority and primary
recommendation targets.

After obtaining all user weights, we sort them in descending order, selecting the
top N users as the active set. Users below a threshold form the inactive set (ex-
cluded from training), while the remainder are regular users. We cluster regular
and active users into similar groups, construct tuples from cluster data, calcu-
late comprehensive weights, and build a three-dimensional tensor with users U,
products P, and tags T as dimensions. Tucker decomposition and least squares
optimization yield final Top-N personalized recommendations.

3 Experimental Results and Analysis
3.1 Dataset

We preprocessed the MovieLens dataset to obtain 16,3295 records (500 users,
9,289 movies, 1,128 tags). Each user rated viewed movies on a ten-level scale
from 0.5 to 5 (increments of 0.5). Based on clustering results, we divided 500
users into six categories, selecting the two best-performing clusters for compar-
ative experiments. The experimental data is summarized in .

** Dataset Description**

Cluster  Users Products Tags Tuples

Clusterl 85 1,247 532 2,831
Cluster2 92 1,365 578 3,124

3.2 Parameter Settings

During user clustering, product and tag usage counts vary dramatically across
users, with some active users accumulating product weights approaching 100.
Therefore, we set relatively small parameters: a = 0.01 and A; = 0.01. Product

weight proportion must exceed tag weight for effective clustering, so we set
u=0.05.

In comprehensive weight calculation, we use A; = 0.01, A, = 0.01, A3 = 0.05,
and p1; = pg = pg = 1 (ensuring total weight 3). Rating parameter \g is
small because rating values themselves are large (1-5) while product weights
must remain 1.

3.3 Evaluation Methods

We evaluate using precision, recall, and F-measure (F-score), commonly applied
metrics in recommendation algorithm research. From both cluster user sets, we
randomly sample partial product and tag data from each user as test set S;..;,
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with remaining data as training set S, All metrics compare Top-1 to Top-15

recommendation lists.

rain*

3.4 Results and Analysis

We compare our method against four algorithms: “0/1 Scheme” [12], “LORTEF”
(weight-based ternary relationship) [4], “New Method” (our quadruple relation-
ship weight scheme), and “4-D” (four-dimensional tensor decomposition) [11].
All methods use identical splitting and datasets (20% test, 80% train). The first
four algorithms use a core tensor of dimension (8,8,8), while “4-D” uses (8,8,8,3)
with ratings compressed to 1-5 levels to limit computational complexity and
memory consumption.

Accuracy: Asshown in [Figure 6: see original paper| and [Figure 7: see original
paper], our method achieves superior accuracy across Top-1 to Top-15 lists for
both clusters. Accuracy decreases gradually with increasing recommendation
length, but consistently outperforms alternative methods.

Recall: [Figure 8: see original paper| and [Figure 9: see original paper| reveal
that for Clusterl, our method excels in Top-1 to Top-3 but falls slightly behind
as N increases. For Cluster2, recall performance surpasses other methods across
all Top-N values.

F-Measure: [Figure 10: see original paper| and [Figure 11: see original paper]
demonstrate that our method’ s F-measure values exceed those of comparison
methods for both clusters, particularly pronounced at Top-3 to Top-5. Overall
F-measure values remain small due to dataset sparsity.

These results confirm that our method significantly outperforms alternatives
by comprehensively considering multivariate relationship attributes and distin-
guishing importance through weighting, thereby indirectly improving recommen-
dation accuracy.

4 Conclusion

This paper introduced three tensor data representation schemes (0/1 interpre-
tation, ranking interpretation, and comprehensive weight interpretation). We
clustered users based on activity and similarity, then calculated comprehensive
weights incorporating product, tag, and rating relationships. Comparative eval-
uations demonstrate our method’ s superior accuracy and rationality.

Future work will focus on: (a) optimizing parameters and incorporating addi-
tional influential factors to enhance weight calculation methods; (b) developing
improved approaches to address data sparsity, thereby increasing computational
speed and prediction accuracy.
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