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Abstract

Personalized recommender systems play an essential role in enhancing user experience
by accurately predicting user preferences. Previous approaches mainly focus on modeling
long-term preferences or capturing short-term dynamics through sequential patterns,
while few achieve an effective balance between the two. This study proposes Rec-SSP, a
novel review-aware recommendation model that integrates long-term and short-term
preferences through a gated fusion mechanism. Long-term preferences are extracted from
aggregated user reviews, whereas short-term preferences are modeled by identifying se-
quential patterns from recent interactions at both the review and category levels. This
multilevel design captures fine-grained opinions across items, ensuring a more accurate
understanding of the evolving user intent. This study conducted various experiments on
real-world datasets, showing that Rec-SSP outperforms baseline models. These findings
demonstrate that balancing long-term and short-term preferences with multilevel se-
quence modeling can significantly improve recommendation accuracy across diverse do-
mains.

Keywords: recommender system; review text; long—short-term preferences; sequential
patterns; gated fusion mechanism

1. Introduction

The rapid development of online platforms has made an overwhelming amount of
information available to users, leading to information overload during item exploration
[1]. This challenge is more evident in e-commerce platforms and digital content services,
where users often struggle to find optimal items that suit their preferences. To address
this challenge, recommender systems have been designed to recommend relevant items
based on user feedback [2]. Recommender systems play a significant role in platforms
such as Amazon, Netflix, and Spotify, enhancing user satisfaction and driving profitabil-
ity [3].

Early recommender systems relied primarily on collaborative filtering (CF), which
analyzed users’ purchase histories, such as rating data, to recommend suitable items [4,5].
Matrix factorization (MF) methods were widely used in recommender systems to learn
the latent factors of users and items to provide personalized recommendations [6].
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However, these methods often suffer from data sparsity issues. To address this limitation,
review texts have emerged as a valuable resource as they provide insights into user pref-
erences, emotions, and specific characteristics of items. Some studies have argued that
fully integrating review texts can enhance the representation of user and item character-
istics by leveraging diverse perspectives in review sets for recommendations. These stud-
ies demonstrated that leveraging review sets can extract overall characteristics and pro-
vide more accurate recommendations [7]. For users, these characteristics reflect detailed
insights from various experiences, offering a comprehensive representation of long-term
preferences.

While most studies have primarily focused on representing long-term user prefer-
ences based on their overall interaction histories, they have often failed to effectively cap-
ture users’ short-term preference changes. Short-term preferences are not a single homo-
geneous signal. In contrast, they are manifested through heterogeneous semantic cues em-
bedded in recent user interactions, especially in review texts, such as emotional emphasis,
expressive needs, and contextual descriptions. For example, a user’s historical reviews
may consistently emphasize functional attributes such as durability or value for money,
reflecting stable long-term preferences. However, in a recent short period, the user’s re-
views begin to highlight different semantic aspects, such as design details or specific usage
scenarios. Although the underlying intent expressed in review texts changes noticeably
over a short period, such short-term semantic shifts cannot be easily captured when recent
interactions are treated as homogeneous signals. Fine-grained changes in recent reviews
can strongly affect users’ purchasing decisions, and this impact can be easily diluted if all
recent interactions are modeled the same way. These temporal changes in preferences sig-
nificantly affect purchasing behavior and should be carefully considered when designing
recommender systems. To address this, recent research has increasingly explored meth-
ods for modeling short-term preferences by extracting meaningful sequential patterns
from user interaction histories and proposing various approaches to capture such prefer-
ence changes [8-10].

However, some sequence-based models tend to emphasize recent interactions to
model short-term preference changes but often overlook long-term preferences, which are
equally important [11]. In other words, research efforts to balance short-term and long-
term preferences remain relatively limited. Because both types of preferences jointly in-
fluence a user’s final decision, failing to integrate them properly may lead to an incom-
plete understanding of user intent and degraded recommendation performance. Moreo-
ver, recent interactions do not always reflect a single and unified short-term preference.
Many existing models represent recent interactions as one short-term sequence, mainly
based on surface-level sequential patterns derived from interaction histories, which limits
their ability to capture different types of short-term signals [12,13]. In practice, recent pref-
erence changes are often reflected at multiple semantic levels, such as fine-grained opin-
ions and category transitions expressed in review texts. Modeling these heterogeneous
signals in the same way may obscure their distinct roles, whereas distinguishing them
enables a clearer representation of short-term user intent than relying solely on ID-based
sequences.

This study proposes a novel recommender system, Rec-SSP (recommender system
emphasizing short-term preference using sequential patterns), which effectively models
both long-term and short-term user preferences, and extracts sequential patterns from re-
cent user interactions. Unlike existing approaches that model recent interactions as a sin-
gle short-term sequence, Rec-SSP explicitly distinguishes heterogeneous short-term sig-
nals reflected in recent reviews and category transitions. Specifically, this study defines
short-term preferences as user preference signals captured within a limited window of
recent interactions, reflecting rapidly evolving semantic intents expressed in review texts.
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First, we aggregated the reviews written by each user to capture their long-term prefer-
ences. We also compiled all reviews received for each item to represent its characteristics.
Second, we extracted sequential patterns in recent user interactions by separately model-
ing review-level and category-level sequences, capturing different semantic aspects of dy-
namically changing short-term preferences. Finally, we dynamically balance and integrate
long-term and short-term preferences through a gated fusion mechanism, effectively cap-
turing meaningful transitions in user preferences to provide accurate recommendations.
The main contributions of this study are as follows:

e  This study proposes a novel review-based recommendation model, which models
users’ long-term preferences from aggregated review texts and further enhances rec-
ommendation accuracy by incorporating short-term preference dynamics from re-
cent interactions.

e To capture recent preference changes more effectively, this study introduces a re-
view-aware short-term preference modeling framework that separately considers re-
view-level and category-level interaction sequences. This design complements long-
term review representations by capturing heterogeneous short-term signals that can-
not be fully reflected by aggregated reviews alone.

e  Extensive experiments on real-world Amazon datasets demonstrate the effectiveness
of the proposed Rec-SSP model. It outperforms baseline models, and ablation studies
further validate the contribution of each model component.

The structure of this paper is as follows. Section 2 reviews the related work. Section
3 provides a detailed explanation of the proposed model. Section 4 describes the experi-
mental design, while Section 5 reports the experimental results. Finally, Section 6 con-
cludes the study by summarizing key findings, identifying limitations, and suggesting
future research directions.

2. Related Works

2.1. Review-Based Recommender System

With the growth in online information, users increasingly encounter the challenge of
information overload when searching for relevant items. To solve this problem, recom-
mender systems have been developed to efficiently assist users in finding the desired
items [14]. CF is the most widely used recommender system, showing high accuracy by
recommending items that a user has previously preferred over other users with similar
tastes, based on user—item interaction histories [15]. MF has been regarded as the most
successful technique among the CF methods owing to its efficiency and accuracy. How-
ever, early CF models that relied on simple interaction histories faced challenges such as
data sparsity and difficulty in capturing users’ specific purchase motivations [16].

To overcome these limitations, researchers have actively explored the use of review
texts in recommender systems. Reviews contain users’ detailed opinions and sentiments
regarding items, allowing for a deeper understanding of item preferences and enhancing
the recommendation accuracy [17]. Early studies attempted to extract latent topics from
review texts using topic modeling methods such as latent Dirichlet allocation (LDA) to
capture user preferences [18]. However, because LDA is based on a bag-of-words, it fails
to effectively incorporate contextual information [19].

Recent advancements in natural language processing and deep learning have signif-
icantly improved recommender system performance through a better contextual under-
standing of textual data [20]. For example, Zheng et al. [21] employed convolutional neu-
ral networks (CNNs) to process review sets containing aggregated user and item reviews,
effectively capturing contextual information and learning user and item characteristics. In
addition, Chen et al. [22] utilized an attention mechanism to assign different weights to
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reviews within a review set, enabling the system to emphasize more useful reviews and
achieve higher recommendation accuracy. The introduction of transformer-based models
such as bidirectional encoder representations from transformers (BERT) has significantly
improved contextual understanding by capturing bidirectional dependencies within sen-
tences. For example, Pugoy and Kao [23] leveraged BERT to capture deep semantic rep-
resentations of review texts, improving recommendation accuracy and model interpreta-
bility.

However, most studies have focused on understanding contextual information to re-
flect users’ long-term preferences and have not sufficiently reflected how users’ interests
change over time. User preferences are not fixed but can change over time, and if interests
or trends at a specific point in time are not reflected, recommendation performance may
decrease [24]. Recent studies introduced methods for incorporating short-term user pref-
erences by analyzing sequential patterns in recent interactions, thereby emphasizing the
importance of sequence-aware recommendation models [25]. Therefore, this study aims
to comprehensively model both long-term and short-term user preferences to overcome
the limitations of conventional long-term preference dependency, enabling a more accu-
rate recommender system by employing a multilevel sequence modeling approach.

2.2. Recommendation Based on Sequential Patterns

With the advancement of e-commerce platforms, research has been conducted to
model user interactions as sequence data to capture interaction patterns and recommend
suitable items. Existing sequence-based recommender systems primarily focus on user—
item interaction histories and employ sequence pattern mining to predict the next likely
interaction [26]. These methods have evolved around Markov chain-based models [12].
These models utilize L-order Markov chains, recommending based on the last L interac-
tions and effectively capturing short-term item transitions [27]. However, early methods
relied heavily on ID embeddings, making it difficult to account for user intent or essential
factors, and limiting the depth of contextual understanding [28].

More sophisticated sequence-based recommendation methods have been proposed
to address these limitations by incorporating more meaningful information. Specifically,
studies have explored leveraging review sequences to reflect transitions in user interac-
tions, or using item attribute sequences to model changes in user preferences. For example,
Li et al. [29] utilized review sequences left by users for interacting items to effectively
model user interaction patterns for recommendations. Similarly, Hao, Zhang, Zhao, Liu,
Sheng, Xu, Liu and Zhou [12] analyzed sequences of item characteristics that interact with
users to capture meaningful transitions in preferences at the feature level. These studies
demonstrated that sequential data composed of diverse information types beyond mere
ID sequences can reveal significant preference transitions.

With advancements in deep learning techniques, substantial efforts have been made
to enhance the processing of sequential data in recommender systems. Initial approaches
adopted recurrent neural networks (RNNs), which are effective in modeling sequential
dependencies by preserving historical information [30]. However, RNN faces limitations
such as long-term dependency issues and training inefficiencies owing to their inherently
sequential processing nature [31]. Long short-term memory (LSTM) networks and gated
recurrent unit (GRU) were introduced to overcome this problem. LSTM employs a gating
mechanism to selectively retain and discard information, enabling the effective modeling
of long-term user preferences [32]. Because of their conceptual similarity to LSTM and
more efficient architecture with comparable performance, GRU has become a widely
adopted choice in recommender systems [33]. GRU leverages reset and update gates to
manage sequential states, ensuring that essential preference information is retained while
filtering out less relevant information [32]. By employing these advanced architectures,
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recommendation models can better capture evolving user preferences to improve the rec-
ommendation accuracy [24].

Existing sequence-based recommendation models primarily capture short-term pref-
erences from recent user interactions, while overlooking long-term interests. However,
both short-term and long-term preferences play crucial roles in shaping user decisions,
and neglecting either can reduce the recommendation performance. To address this issue,
this study proposes a method that captures and effectively balances both preference types
to enhance recommendation accuracy.

3. The Proposed Rec-SSP Model

This section presents a detailed description of the proposed model. We introduce the
overall architecture of Rec-SSP and describe each module in detail.

3.1. Network Architecture of Rec-SSP

The design of Rec-SSP is motivated by the observation that users’ short-term prefer-
ences are not homogeneous signals but are reflected through heterogeneous semantic cues
in recent interactions, such as review texts and category transitions. Modeling these sig-
nals using a single sequence representation (e.g., simple concatenation or attentive pool-
ing) may obscure their distinct roles in capturing dynamic user intent. The Rec-SSP model
proposed in this study consists of three key components: a long-term preference extrac-
tion module, a short-term preference extraction module, and a final preference prediction
module. The long-term preference extraction module extracts review text features and
feeds them to the multilayer perceptron (MLP) to learn the accumulated long-term user
preferences. The short-term preference extraction module analyzes review-level and cat-
egory-level sequences to detect changes in user interaction patterns. Additionally, a multi-
head attention mechanism is applied, assigning higher importance scores to information
that is significantly related to item characteristics to reflect short-term preferences. In the
final preference prediction module, the previously learned long-term and short-term pref-
erences are fused in a balanced manner using a gated fusion mechanism, and then interact
with the item to predict a rating that represents the user’s final preference. The model aims
to capture users’ short-term preferences from diverse sequences composed of review texts
and categories, integrate them with long-term preferences in a balanced manner, and fa-
cilitate user—item interactions to provide more accurate recommendations. The details of
each module are discussed in the following sections, as illustrated in Figure 1.
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Figure 1. The architecture of Rec-SSP.

3.2. Long-Term Preference Extraction Module

The long-term preference extraction module was designed to capture users’ long-
term preferences based on user review sets. To achieve this, a pretrained BERT model was
employed as an encoder to represent review texts as feature vectors, which were then
processed through an MLP to learn the users’ long-term preferences. BERT is a large-scale
pretrained language model that enhances text representation by considering the bidirec-
tional contextual relationships between words and sentences [34]. The input text to BERT
undergoes three processing steps: token, segment, and position embedding. This study
utilizes only the [CLS] token from the BERT’s final output [35]. The semantic information
within review texts was captured by applying the model, enabling the extraction of long-
term preferences. The process is as follows.

First, an individual review Uy, written by a user about an item is input into the
pretrained BERT model to generate an embedding vector Ejser review, Which can be rep-
resented by Equation (1):

E = BERT (U, ) (1)

user _review

where the pretrained BERT model transforms the review text Uy, left by a user on an
item into a high-dimensional vector E, s review that captures contextual information.
Subsequently, the user review vectors are aggregated for each user and averaged to gen-
erate a vector Ejong term that represents the user’s long-term preferences. This process is
expressed by Equation (2):

1 N
Elong_term = N Z Euser_review 4 (2)
j=1

where N is the total number of reviews written by the user. The long-term preference
vector Ejpng term Was obtained by averaging all user-generated review vectors. This pro-
cess effectively captures the semantic characteristics inherent in each review text and com-
prehensively represents the user’s accumulated preferences.

The previously obtained long-term preference vector was fed into the MLP, which
learns complex interactions through a nonlinear optimization process. The refined
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representation was then fed into the rating prediction module to predict the ratings. The
MLP used in this study is defined in Equation (3) and the detailed process is described in
Equation (4).

X, =MLP(X,), 3)

X, =5, (WX, +b,),

X, =0, (VVLTXL—l +bL)9

where X, denotes the input vector to the MLP, and X, denotes the output vector. Addi-
tionally, W[, b,, and &, correspond to the weight matrix, bias, and activation function
of the L-th layer, respectively, where T indicates the transpose operation. In this study,
a rectified linear unit (ReLU) was adopted as the activation function, which is formulated
in Equation (5).

ReLU(x) = max(O, X), (5)

Consequently, after passing through the MLP, the final long-term user preference
vector Pjyng term Was obtained, as expressed in Equation (6).

P

long _term

= MLP(EIong_term ) > (6)

3.3. Short-Term Preference Extraction Module

The short-term preference extraction module is designed to capture heterogeneous
short-term preference signals reflected in users’ recent interactions. Compared with mod-
eling recent interactions as a single short-term sequence, this module separately learns
review-level and category-level sequential patterns, as these two sources convey different
semantic aspects of short-term user intent. Therefore, this module uses review and cate-
gory sequences to generate the final short-term preference representation. The specific
process is divided into two parts: embedding and short-term preference learning.

3.3.1. Embedding Process of the Short-Term Preference

The embedding process in the short-term preference extraction module includes the
review text left by the user for the items they recently interacted with and the embedding
for the corresponding category.

First, the review texts of items with which users have recently interacted were pro-
cessed using a pretrained BERT model to obtain embedding vectors. These vectors were
then arranged in temporal order to construct the review-level sequence. Specifically, be-
cause the embedding process is part of the long-term preference extraction module, it is
not repeated here. Instead, the embedding vectors corresponding to the most recent K
reviews are reused and organized in temporal order to construct a review-level interaction
sequence. This sequence captures fine-grained preference transitions reflected in users’
recent review behaviors, which is denoted as S,¢piew -

Next, similar to the long-term preference extraction module, each review in an item
review set is transformed into a high-dimensional feature vector using BERT. The reviews
were then aggregated per item and their average was computed to generate an item vector.
This process is mathematically expressed in Equations (7) and (8):

E =BERT(1,,,,) @)

item _review
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E

item _review > (8)

M=

1
Eirem =5
t, M 4

where oy represents the review set received by anitem. M denotes the total number
of reviews that the item received, while Ejiom repiew represents the embedding vector of
each review related to item. Finally, Ej.,, is a vector that captures the aggregated fea-
tures extracted from the review set of items.

Meanwhile, the category sequence of items with which the user interacted, along
with the target item category, underwent an embedding process. Because category infor-
mation is more straightforward and intuitive than review texts, this study applies a multi-
hot embedding method to each item, rather than a complex processing approach. To con-
struct the category-level sequence, the category embedding vectors of the items that the
user has recently interacted with were arranged in temporal order and grouped into a
sequence. The final category-level sequence, denoted S¢,teg0ry, Was obtained through this
process.

In summary, we obtain the feature representation Ej.,, and related category vector
representation Ecqregory captured from the review text aggregated by item concerning
item attributes. We also obtained two sequences ordered by time: user review-level se-
quence Syepiew and category-level sequence Scqregory-

3.3.2. Learning Process of the Sequence Pattern

Next, the sequence pattern for the short-term preference of the user was learned
based on the previously obtained review-level sequence and category-level sequence. The
GRU can effectively maintain information from a previous moment and remove unneces-
sary information using a gate mechanism. It has the advantage of being able to learn se-
quential data. Owing to these characteristics, the GRU can effectively model user prefer-
ences by understanding user interaction patterns. To capture the user’s short-term prefer-
ences that change over time, Syepieny and Scgeegory Were input into the GRU to learn the
sequence pattern reflecting the temporal flow, which can be expressed by Equations (9)
and (10):

Greview = GR U (Sreview ) > (9)
Gcategory = GR U (Scategory ) 4 (10)

where Gyepiew and Gegregory represent the sequence pattern vectors learned through the
GRU from the review-level and category-level perspectives.

The multi-head attention mechanism incorporating item characteristics is applied to
extract users’ short-term preferences. Originally introduced in transformer models, multi-
head attention is widely used in deep learning models to enhance their performance by
assigning higher weights to more important information. This mechanism allows for a
more precise understanding of user interactions and contributes to personalized recom-
mendations. In this study, the feature vector of the target item is used as a query to em-
phasize and reflect information that is highly relevant to the target item within the se-
quential pattern of the user’s interaction. Specifically, for the review-level sequence, Ejiep
is used as the query, while for the Gyeyie sequence, Ecqegory is used as the query and
Geategory Serves as the key and value for category-level multi-head attention. By applying
multi-head attention, the importance of each item in user interaction related to the target
item is effectively captured from multiple perspectives, allowing for more accurate learn-
ing of users’ short-term preferences. This process is expressed in Equations (11)—(13):
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O, =Mx=xWF°, K, =MW", V,=Mx=xW", (11)
OK'
O = Attention(Q,., K., Vl) = softmax \’/j v, (12)

O = Multihead (M) = Concatenate(0,, 0,...0,) we, (13)

where Q;, K;, V; represent the query, key, and value vectors of the i-th head, respec-
tively, and WiQ, WX, WY represent the weight matrices for query, key, and value of the
i-th head, respectively. W represents a projection matrix, and O is the final output of
multi-head attention that connects the outputs of h heads, emphasizing the essential
nodes in the sequence. Here, M denotes the sequence representation learned by the GRU.
Specifically, M corresponds to Greyien for the review-level attention and Gegeegory for
the category-level attention. The query vectors are constructed using the target item rep-
resentation, while the key and value vectors are derived from the corresponding sequence
representations. The attention score is calculated using the inner product of the query and
the key, and then transformed by applying the softmax function. The final expression 0
is obtained by connecting the outputs of each head using a combination process. Therefore,

the review-level and category-level attention outputs are obtained as shown in Equations
(14) and (15):

zZ

review

= Multihead (G, ), (14)

V4 = Multihead (Gmtegwy ), 1)

category

we then combine Z,cyiew and Zcgeegory to obtain the user’s final short-term preference
vector representation. This process is expressed in Equation (16):

P

short _term

= Concatenate (Z,mew, Z atogory ) , (16)

here Pspore term reflects the relevance between the target item and the user’s recent inter-
action. The user’s short-term preference, captured in this manner, more precisely ex-
presses the user’s preference change over time. It is then used as an input to the rating
prediction module to effectively represent a user’s final preference.

3.4. Overall Preference Prediction Module

In this module, a fused vector is generated by balancing the importance of various
user preferences and then interacting with an item to predict the final rating that repre-
sents the final preference for the target item. The process is as follows.

Users’ final purchase decisions are comprehensively influenced by their long-term
and short-term preferences, the importance of which varies depending on the specific sit-
uation [36]. Therefore, in this study, the users’ long-term and short-term preferences are
balanced and fused using the gated fusion method to obtain the final user preference rep-
resentation. The gated fusion mechanism is characterized by dynamic learning, which ap-
propriately weighs the contributions when combining different data sources, thereby
minimizing information loss and obtaining an optimal fusion result [37]. Unlike other fu-
sion strategies that treat long-term and short-term signals in a uniform manner, the gated
fusion mechanism explicitly learns a data-dependent gate to regulate their relative contri-
butions. This design enables the model to emphasize short-term preferences when recent
interactions exhibit semantic shifts, while relying more on long-term preferences when
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user behavior remains stable. The process of gated fusion can be expressed as Equations

(17)~(20):
h, =tanh(W,1X,), 17)

h, = tanh(W,1X,), (18)

z = sigmoid (W_[Concatenate(X ,, X,)), (19)

h=zh, +(1-z)h, (20)

where W, and W, are the weight matrices of the data sources X,, and X, to be fused,
respectively. The calculated h, and h, are concatenated to calculate the gate vector z,
and W, is the weight matrix for calculating the gate vector. Subsequently, the contribu-
tions of the two data sources, X,, and X, are integrated through a gating vector h, ena-
bling the model to learn the vector representation. The final fused vector representation
h is obtained, ensuring a comprehensive and balanced representation of the user prefer-
ences.

Before gated fusion, the long-term preference vector Pjyng term and the short-term
preference vector Pgport term are projected into the same latent space to ensure dimen-
sional compatibility. Therefore, W,, W,, and W, are learnable projection matrices with
compatible dimensions, enabling effective gating and adaptive fusion of heterogeneous
preference representations. The process of fusion can be expressed as Equation (21):

Uprz;ference = Gate (I)long _term?> I)shurt_term ) > (21)

where Upreference Tepresents the user’s final preference and Gate represents the gated
fusion mechanism. To interact with the user preference vector, the final item representa-
tion Ifeqmre Was obtained by concatenating the vectors Ejer, and Ecgregory Obtained
from the review texts received for the item.

Subsequently, the user preference feature vector Uy eference and item vector Ireqeyre
were combined and passed through the MLP to predict the user’s final preference rating
for the item. This process is expressed by Equation (22):

PL= MLP(Concatenate(U preference v preference )) N (22)
where ,; represents the predicted rating of user u for a specific item i.

3.5. Loss Function

The proposed model was trained using the mean squared error (MSE) as the loss
function. This approach computes the difference between the predicted and actual values,
squares it, and averages it across all data points [14,38]. The MSE is widely used in rating
prediction tasks in recommender systems and can be formulated as Equation (23):

1 A
MSE =—>"(r,,—#,), (23)
N 3
where N represents the number of ratings, r,; is the actual rating given by the user for

item, and 7,; is the rating predicted by the model. The proposed model was trained using
the adaptive moment estimation (Adam) optimizer [31].
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4. Experiments

This study aims to analyze and answer the following four research questions (RQs).

RQ1: Does the proposed model outperform baseline models on real-world datasets?

RQ2: How does incorporating long-term and short-term user preferences improve
the recommendation performance?

RQ3: How does analyzing sequence patterns at the review-level and category-level
in the short-term preference extraction module affect the recommendation accuracy?

RQ4: What is the most effective method for fusing long-term and short-term user
preferences?

4.1. Datasets

To evaluate the recommendation performance of Rec-SSP, we conducted extensive
experiments on datasets collected from both Amazon and Yelp platforms. Specifically, we
used three product categories from Amazon, including Video Games, CDs and Vinyl, and
Musical Instruments. To further assess the generalizability of the proposed model, we also
used a Yelp dataset, selecting restaurant data from the city with the most reviews. For all
datasets, we filtered users with at least five reviews to ensure reliable preference se-
quences. Each dataset was split into training, validation, and test sets with a ratio of 7:1:2.
The overall statistical characteristics of the datasets are summarized in Table 1.

Table 1. Descriptive statistics of experimental datasets.

Number of Number of

Dataset . Number of Users Sparsity
Reviews Items

Video Games 114,872 82,834 1,002,380 99.990%

CDs and Vinyl 181,125 534,064 2,475,396 99.997%

Musical Instruments 82,878 122,086 786,939 99.992%

Yelp 274,651 19,446 3097 99.544%

Moreover, we further analyze the characteristics of user interaction sequences. Table
2 reports quartile-based sequence-level statistics, including the distribution of user inter-
action sequence length, the number of category transitions, and the review text length.

Table 2. Quartile-based sequence-level characteristics of experimental datasets.

Dataset Ratio Sequence Category Review Text
Length Change Length

25% 5 1 9

. 50% 6 2 31

Video Games 759 9 3 g8
100% 664 348 5860

25% 6 3 11

50% 8 5 42

D d Vinyl

Ds and Viny 75% 12 8 127
100% 2602 1744 6515

25% 5 2 10

. 50% 7 3 28

Musical Instruments 759 10 5 66
100% 497 276 6060

25% 6 3 52

Yel 50% 8 4 92
P 75% 14 7 157
100% 610 253 1019
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4.2. Evaluation Metrics

This study employs two widely used evaluation metrics in rating prediction research
for recommender systems: the mean absolute error (MAE) and root mean squared error
(RMSE). The MAE calculates the average absolute difference between the predicted and
actual ratings, providing an intuitive measure of the prediction error of the model. The
RMSE squares the differences between the predicted and actual ratings, averages them,
and then takes the square root, assigning a greater weight to more significant errors. Both
metrics indicate the deviation between the predicted and actual values, where smaller
values correspond to a higher accuracy [39]. Equations (24) and (25) show the specific
computational methods.

MAE = % ﬁllr —7ls (24)

N
RMSEz\/%Z(rm AW (25)
i=1

where N represents the number of data points, and r,; and 7,; represent the actual rat-
ing values and the rating values predicted from the model, respectively.

4.3. Baseline Models

To verify the performance of the Rec-SSP proposed in this study, the following base-
line models were selected and compared:

Neural collaborative filtering (NCF) [40]: A recommender system that overcomes the
limitations of linear combination by incorporating nonlinear functions into the MF to learn
interactions between users and items’ latent features.

Dual attention-based CNN model (D-attn) [38]: A recommender system that applies
local attention and global attention to user and item review sets, allowing it to focus on
important words while deeply understanding the overall meaning of reviews, thereby
improving preference prediction accuracy.

Deep cooperative neural networks (DeepCoNN) [21]: A recommender system that
employs two parallel CNNs to extract user and item latent features from review sets, us-
ing factorization machines to model user and item characteristics jointly.

Neural attentional regression model with review-level explanations (NARRE) [22]: A
recommendation model that applies an attention mechanism to review sets, recognizing
the importance of each review and assigning higher weights to more critical reviews to
enhance recommendation accuracy.

Review-driven neural sequential recommendation (RNS) [29]: A recommendation
model that integrates long-term and short-term user preference learning using user re-
view sets. It employs CNNs to extract aspects representing user interactions with items
and applies a hierarchical attention mechanism to effectively highlight relevant items.

Cascaded cross attention (CCA) [41]: A recommendation model that models complex
relationships between users and target items by aggregating user review texts and cap-
turing interaction patterns across multiple sequences, enabling refined user—item interac-
tion learning.

4.4. Experimental Design

One of the key challenges in this study is the analysis of user interaction sequence
patterns and the learning of meaningful transitions. The experiments used two sequences:
a sequence consisting of a single review left by the user on the most recently interacted
items, and a sequence based on related categories. All sequences were sorted in temporal
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order, and zero-padding was applied at the beginning of shorter sequences to maintain a
consistent length. A pretrained BERT language model was applied to the textual reviews
utilized in this study, and the output [CLS] token was used as an embedding vector. The
embedding vectors were averaged for the aggregated review sets collected per user and
item. Categorical data were represented using a multi-hot embedding technique.

To optimize the performance of the proposed model, key hyperparameters were
tuned based on validation performance. Specifically, the batch size was selected from [64,
128, 256, 512], the learning rate from [0.0002, 0.0005, 0.002, 0.005], and the number of at-
tention heads in the multi-head attention mechanism from [4, 6, 8, 10, 12]. Based on model
tuning results, the final configuration adopted a batch size of 512, a learning rate of 0.0002,
and 6 attention heads. For short-term preference modeling, the sequence length K was
initially set to 5 following the previous study [41]. To further examine the impact of K,
we conducted a sensitivity analysis in Section 5.5.

All models employed early stopping, meaning that training was stopped if the vali-
dation loss did not decrease for five consecutive epochs. Each model was run five times
for all experiments, and the average results were used for the evaluation. All performance
measurements were conducted using TensorFlow 2.9.0 and Python 3.9 to ensure experi-
mental fairness.

5. Experimental Results
5.1. Performance Comparison with Baseline Models (RQ1)

To evaluate the performance of the Rec-5SP model proposed in this study, we con-
ducted a performance comparison experiment with existing baseline models using user
review data and metadata collected from Amazon and Yelp platforms. Table 3 presents
the results of the study.

Table 3. Performance comparison between the proposed model and baseline models.

Model Video Games CDs and Vinyl Musical Instruments Yelp

MAE RMSE MAE RMSE MAE RMSE MAE RMSE

NCF 0.957 1.214 0.747 1.014 0.838 1.103 0.866 1.129
D-attn 0.864 1.082 0.733 0.920 0.790 0.999 0.829 1.045
DeepCoNN 0.801 1.076 0.616 0.880 0.717 0.999 0.803 1.041
NARRE 0.798 1.070 0.594 0.851 0.705 0.998 0.802 1.037
RNS 0.777 1.065 0.597 0.863 0.702 0.989 0.793 1.034
CCA 0.711 1.008 0.572 0.833 0.674 0.970 0.767 0.988
Rec-SSP 0.679 0.979 0.537 0.824 0.621 0.924 0.753 0.977

The experimental results demonstrated that the proposed Rec-SSP model outper-
formed all baseline models across all datasets. These findings indicate that effectively
modeling user preferences from both long-term and short-term perspectives and fusing
these preferences in a balanced manner significantly improves the accuracy of predicting
user preferences for items. In particular, such a consistent improvement observed on the
Yelp dataset indicates that Rec-SSP remains effective even in recommendation scenarios
with more heterogeneous user behaviors and item distributions.

Interaction-based model like NCF exhibited the lowest recommendation perfor-
mance, indicating that relying solely on interaction data is insufficient to capture users’
explicit purchasing motivations and limits their ability to fully understand user prefer-
ences.

Review Set-based models such as D-attn, DeepCoNN, and NARRE, which leverage
review text, demonstrated improved performance over interaction-based models. This
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result suggests that extracting user preferences from semantic information in review texts
effectively enhances recommendation accuracy. NARRE provides more accurate recom-
mendations than D-attn and DeepCoNN by assigning higher weights to critical reviews,
reinforcing the idea that emphasizing essential information in user reviews leads to better
preference predictions.

Sequence pattern-based models that analyze user interaction patterns such as RNS
and CCA outperformed interaction- and review-set-based models. This indicates that in-
corporating short-term preference transitions enhances the recommendation performance.
Additionally, the CCA surpassed the RNS, suggesting that analyzing multiple sequences
rather than a single sequence improves the model’s ability to capture users’ evolving pref-
erences more effectively.

The proposed Rec-SSP model outperformed all the baseline models in terms of rec-
ommendation performance. These results can be interpreted as follows. Rec-SSP moves
beyond traditional approaches that rely solely on review texts by capturing long-term
user preferences from aggregated review sets, deeply analyzing short-term preferences
through diverse interaction sequences at both the review and category-levels, and inte-
grating these preferences in a balanced manner for recommendations. Unlike conven-
tional methods that depend exclusively on interaction data, Rec-SSP effectively utilizes
additional contextual information such as user review texts and item categories to derive
deeper contextual insights from recently interacted items. This enables the model to cap-
ture evolving short-term user preferences dynamically. Moreover, rather than merging
different preference signals, Rec-SSP employs a gated fusion mechanism that dynamically
adjusts the weights of multiple preference components based on their impact on the final
purchase decisions, allowing for a more precise prediction.

To assess the practical applicability of Rec-SSP, we report its model complexity and
training efficiency. On the Video Games dataset, the proposed Rec-SSP model contains
approximately 2.79 M trainable parameters and requires about 30 s per epoch during
training. These results indicate that Rec-SSP can be trained efficiently while maintaining
a compact model size, demonstrating that performance improvements are achieved with-
out introducing prohibitive computational overhead.

5.2. Importance of Reflecting Long-Term and Short-Term Preferences (RQ2)

The proposed Rec-SSP can be divided into two primary modules: long-term and
short-term preference extraction modules. To analyze the contribution of each module to
the overall recommendation performance, the following ablation experiments were de-
signed, and the results are presented in Table 4.

Long-term: The short-term preference extraction module is removed from Rec-SSP.
The final user preference is predicted based on the interactions between the long-term
preferences extracted from the user’s aggregated review set and the item characteristics.

Short-term: The long-term preference extraction module is removed from the Rec-
SSP. The final user preference is predicted based on interactions between short-term pref-
erences, obtained by analyzing sequences of reviews, categories of recently interacting
items, and item characteristics.

Table 4. Ablation study results of long-term and short-term preference extraction modules.

Module Video Games CDs and Vinyl Musical Instruments Yelp
MAE RMSE MAE RMSE MAE RMSE MAE RMSE
Long-term 0.693 0.993 0.563 0.829 0.649 0.930 0.757 0.981
Short-term 0.691 0.992 0.575 0.839 0.641 0.937 0.772 0.997
Rec-SSP 0.679 0.979 0.537 0.824 0.621 0.924 0.753 0.977
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The experimental results demonstrate that the combined approach of capturing long-
term and short-term user preferences in Rec-SSP effectively enhances recommendation
performance. In contrast, using only long-term or short-term exhibited lower performance,
likely owing to their limited representation of user preferences compared with Rec-SSP.

Rec-SSP overcomes the limitations of relying solely on interaction data or general
review texts by extracting long-term preferences from aggregated review sets and captur-
ing preference transitions using sequential patterns. In contrast, using only long-term or
short-term failed to incorporate the essential characteristics of user preferences, resulting
in less accurate predictions. Focusing exclusively on short-term preference transitions lim-
its recommendation effectiveness because interactions are only considered within a given
order window, making it difficult to account for long-term accumulated user preferences
[42]. However, while long-term preference-based personalized recommendations can ef-
fectively suggest items that align with a user’s general interests, they struggle to reflect
recent changes in user preferences [27].

Moreover, Rec-SSP consistently demonstrates superior performance across datasets
with varying characteristics, validating that the integrated approach of balancing long-
term and short-term preferences is broadly applicable across different datasets. For exam-
ple, the CDs and Vinyl and Yelp datasets may involve user interaction behaviors that em-
phasize accumulated historical preferences, while in other datasets, short-term preference
transitions may be relatively more influential. The proposed model effectively adapts to
these variations by jointly modeling long-term and short-term preferences, leading to ro-
bust recommendation performance across datasets with different characteristics.

5.3. Importance of Review-Level and Category-Level Sequence Pattern Analysis (RQ3)

The proposed Rec-SSP model enhances the recommendation performance by incor-
porating short-term user preferences through contextual patterns derived from reviews
and category sequences of recently interacted items. This section explores the impact of
each type of sequence feature and eliminates the possibility that the observed perfor-
mance improvements were solely due to the inclusion of auxiliary information. The fol-
lowing ablation experiments were designed to achieve this goal, and the results are listed
in Table 5.

ID sequence: Rec-SSP captures user preferences solely based on item ID sequences
without incorporating textual or categorical information.

Review sequence: Rec-SSP captures short-term preferences using only a user review
sequence.

Category sequence: Rec-SSP captures short-term preferences using only category se-
quences.

W/O GRU: Rec-SSP utilizes user reviews and category information but does not pro-
cess them as sequences. Instead, it concatenates the features before they are used for train-
ing.

Table 5. Ablation study results for review-level and category-level sequence modeling.

Variant Video Games CDs and Vinyl Musical Instruments Yelp
MAE RMSE MAE RMSE MAE RMSE MAE RMSE
ID Sequence 0.708 0.996 0.646 0.935 0.685 0.966 0.774 0.992
Review Sequence  0.692 0.988 0.583 0.826 0.637 0.927 0.762 0.979
Category Sequence  0.702 0.991 0.587 0.827 0.642 0.930 0.765 0.980
W/O GRU 0.691 0.987 0.558 0.826 0.632 0.925 0.762 0.980
Rec-SSP 0.679 0.979 0.537 0.824 0.621 0.924 0.753 0.977
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The experimental results demonstrate that the proposed Rec-SSP model consistently
achieves stable performance and substantial results across multiple datasets. These find-
ings highlight the importance of modeling user preferences from multiple perspectives
and analyzing both review- and category-level sequence features to capture short-term
preferences and enhance recommendation performance.

Specifically, using only the item ID sequence shows the lowest performance among
all variants, indicating that ID-based interaction information alone is insufficient to cap-
ture users’ fine-grained preferences. Meanwhile, using only the review sequence shows
slightly better performance than using only the category sequence, indicating that review
sequences contribute more to user preference modeling. Additionally, removing the GRU
and simply concatenating features leads to a relatively minor performance degradation,
but still performs worse than Rec-SSP. This result confirms that the improved perfor-
mance of Rec-SSP is not merely due to the addition of auxiliary information.

By contrast, Rec-SSP effectively utilizes review-level and category-level sequences
and employs a GRU to refine short-term preference learning, ensuring that sufficient in-
formation is captured. Overall, this experiment suggests that while review sequences pro-
vide more critical information than category sequences, jointly considering diverse and
meaningful sequences contributes to improved recommendation performance.

5.4. Validation of the Effectiveness of Long-Term and Short-Term Preference Fusion
Mechanism (RQ4)

In this study, Rec-SSP proposed balanced long-term and short-term user preferences
through a gated fusion mechanism to obtain the final user preferences. In this section,
performance comparison experiments were conducted by applying concatenation, multi-
plication, and averaging operation methods to the part where the gated fusion mechanism
was applied to analyze the effect of fusion methods on performance. The experimental
results are listed in Table 6.

Table 6. Performance comparison based on fusion methods.

Method Video Games CDs and Vinyl Musical Instruments Yelp
MAE RMSE MAE RMSE MAE RMSE MAE RMSE
Concatenation 0.689 0.981 0.570 0.830 0.641 0.926 0.761 0.982
Multiplication 0.699 0.983 0.545 0.829 0.629 0.928 0.766 0.981
Average 0.683 0.981 0.546 0.832 0.631 0.925 0.761 0.980
Rec-SSP 0.679 0.979 0.537 0.824 0.621 0.924 0.753 0.977

The experimental results demonstrate that Rec-SSP, which applies the gated fusion
mechanism, consistently outperforms other fusion methods, maintaining a stable and su-
perior performance. This result indicates that Rec-SSP dynamically models the im-
portance of long-term and short-term preference information based on context, allowing
each preference type to significantly influence the final purchase decisions in relevant sit-
uations.

Concatenation connects two vectors to minimize information loss. However, it fails
to adequately emphasize the key factors contributing to user preferences, leading to per-
formance degradation [43]. Multiplication captures the interactions between two vectors
and reflects their correlations, but does not effectively contribute to deriving the final pref-
erences [44]. Additionally, averaging integrates both types of preference information, but
cannot emphasize more influential preferences, resulting in suboptimal performance [44].
By contrast, Rec-SSP utilizes a gated fusion mechanism to dynamically integrate long-
term and short-term preferences by considering their relative importance. This approach
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enables the model to capture user preferences more accurately, thereby enhancing recom-
mendation performance.

5.5. Sensitivity Analysis of Key Hyperparameters

To further investigate the impact of key hyperparameters on model performance, we
conducted a sensitivity analysis focusing on the short-term sequence length K and the
number of attention heads in the multi-head attention mechanism. Although K was ini-
tially set to 5 following previous studies, we also performed a sensitivity analysis by var-
ying K toexamine its effectiveness. The experimental results on the Video Games dataset
are listed in Table 7.

Table 7. Sensitivity analysis of the short-term sequence length.

Sequence Length MAE MSE RMSE
3 0.697 0.975 0.987
4 0.680 0.979 0.989
5 0.679 0.959 0.979
6 0.685 0.979 0.989
7 0.695 0.974 0.987

The experimental results demonstrate that as the sequence length increases, recom-
mendation performance initially improves due to richer short-term contextual infor-
mation, and then peaks at 5. However, when the sequence length exceeds 5, performance
gradually degrades, suggesting that excessively long sequences may introduce noise from
less relevant historical interactions. Therefore, setting the sequence length to 5 represents
a reasonable choice for the proposed Rec-SSP model.

Table 8 presents the recommendation performance of Rec-SSP under different num-
bers of attention heads.

Table 8. Sensitivity analysis of the number of attention heads.

Head MAE MSE RMSE
4 0.703 0.973 0.987
6 0.679 0.959 0.979
8 0.688 0.970 0.985
10 0.683 0.962 0.981
12 0.690 0.972 0.986

The experimental results show that increasing the number of attention heads from 4
to 6 improves performance, indicating that multi-head attention benefits from capturing
diverse interaction patterns in short-term sequences. However, when the number of at-
tention heads exceeds 6, the performance gradually degrades. This suggests that an exces-
sive number of attention heads may introduce redundancy and increase model complex-
ity, making it more difficult to effectively aggregate informative signals. Therefore, setting
the number of attention heads to 6 represents a reasonable trade-off between modeling
capacity and efficiency for the proposed Rec-SSP model.

5.6. Case Study on the Gated Fusion Mechanism

To further enhance the interpretability of the proposed Rec-SSP model, we present a
case study to illustrate how the gated fusion mechanism dynamically balances long-term
and short-term user preferences. Figure 2 illustrates the preference fusion process for an
individual user.
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Figure 2. Example of preference fusion with the gated fusion mechanism.

The gated fusion mechanism adaptively controls the relative contributions of long-
term and short-term preferences. In this example, the model assigns a higher overall
weight to the long-term preference component, indicating that the user’s historical inter-
ests play an important role in the current recommendation decision, while recent interac-
tions still contribute complementary information. It demonstrates the flexibility of the
gated fusion mechanism, which allows Rec-SSP to adjust its focus across different user
contexts rather than relying on a fixed combination strategy. Therefore, if a user exhibits
stable preference patterns, long-term preferences are emphasized, whereas short-term dy-
namics can be strengthened if recent behavioral signals become more important.

6. Conclusions

With the advancement of internet technologies and the growth of information, the
importance of recommender systems that effectively capture user preferences and suggest
suitable items has become increasingly significant. This study was conducted to address
the limitations of existing recommender systems, which primarily focus on long-term
preferences and fail to accurately reflect evolving short-term user preferences. Therefore,
this study introduces a novel approach that captures short-term preferences by utilizing
user review-level and category-level sequences, while integrating them in a balanced
manner with long-term preferences extracted from users’ aggregated reviews. The pro-
posed Rec-SSP effectively captures both long-term and short-term preferences and
achieves superior recommendation performance by applying a gated fusion mechanism
to dynamically integrate these preferences, reflecting the complex interdependencies
within user interactions. The experimental results validate that Rec-SSP outperforms ex-
isting baseline models across all datasets. Through ablation and comparative experiments,
this study systematically analyzed the contribution of each component to performance
improvement and demonstrated that Rec-SSP maintained robust effectiveness across da-
tasets with varying characteristics. In conclusion, Rec-SSP demonstrates significant poten-
tial for enhancing recommendation accuracy by effectively leveraging user reviews and
category information and integrating long-term and short-term preferences in a balanced
manner. This study contributes to recommender systems by providing a foundational ap-
proach for accurately modeling user preferences and delivering precise recommendations.

However, this study had several limitations. First, the proposed methodology relies
on a sequence pattern analysis, which often incurs a high computational cost. In particular,
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when processing large-scale datasets, the computational burden increases significantly,
posing challenges for real-time predictions and large-scale deployments. Future research
should explore lightweight models that efficiently analyze sequence data while reducing
computational complexity. Second, although this study utilizes review and item category
sequences, these data alone may not fully capture user preferences. For example, users
who repeatedly purchase items within the same category and explore diverse categories
exhibit distinct behaviors that the current methodology may struggle to differentiate.
Therefore, incorporating additional information, such as user profile data and metadata
(e.g., item descriptions and brand information), could be a promising direction for future
research. Finally, although this study focuses on offline preference modeling, Rec-SSP also
provides a flexible foundation for extension to online and continuous learning scenarios.
In real-world recommender systems, user feedback can be used to adapt the model’s be-
havior over time. Inspired by recent advances in reinforcement learning with human feed-
back [45], future work could integrate such feedback to dynamically adjust the gated fu-
sion mechanism and continuously rebalance long-term and short-term preferences.
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