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Abstract—Recommendation systems are an important compo-
nent for various online platforms, especially in the e-commerce
domain. Recommendation systems suggest items to users using
information from their past interactions such as reviews, ratings,
and purchase history. Traditional recommendation systems allow
users to give only a single rating for an item. Recently, deep
learning approaches have been used to improve recommendation
accuracy in single rating systems, but these systems do not
provide enough information about user preferences for an item.
Domains such as gaming, movies, and tourism enable users to give
ratings on multiple criteria for an item, which makes it easier to
understand user preferences compared to single rating systems.
In this study, we propose a Time-Aware Hierarchical Attention
Recurrent Neural Network (TAH-RNN), a deep learning-based
approach designed to utilize ratings from multiple criteria. Our
proposed approach helps understand the association between
multiple criteria ratings and overall ratings for each user. The
model integrates temporal dynamics with multi-criteria ratings by
applying a Time-Aware Importance-Based Sequence Formation
mechanism, which assigns importance weights to each criterion
based on interaction time and enables hierarchical attention to
learn their relationships over sequential user behavior. Experi-
ments using real-world datasets (TripAdvisor, BeerAdvocate, and
Skytrax Airlines) indicate that the proposed approach performs
well compared to single rating systems and multiple criteria
approaches across various metrics.

Keywords—Recommendation system; multi-criteria ratings;
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preferences

I. INTRODUCTION

In recent times, recommendation systems (RS) have be-
come an important part of digital platforms, especially in the
e-commerce domain, to handle large volumes of data and assist
users in finding relevant items. The increase in digital content
and the growing dependency on digital services have increased
the demand for recommendation systems that can effectively
filter large amounts of information for users. The main objec-
tive of a recommendation systems is generating personalized
suggestions by analyzing users preferences by utilizing the
information available on online platforms such as ratings,
reviews, and purchase histories. The personalized suggestions
reduce user effort in navigating through vast item collections
and help businesses improve user engagement and satisfaction.
This process of generation of suggestions is performed in
two ways: content-based filtering and collaborative filtering
(CF). Content-based filtering methods suggest items to users
by examining the features of current items and those previously
preferred by users [23], [21]. CF techniques are considered
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the most effective and commonly used in the e-commerce
domain. These algorithms suggest items that have not yet
been rated by a user by leveraging the preferences and rating
patterns of other users with similar interests. CF methods are
grouped into two categories: Memory-based Collaborative Fil-
tering and Model-based Collaborative Filtering. Memory-based
Collaborative Filtering produces recommendations by utilizing
the complete user-item rating data and identifying similar
user (neighbors) of the target user, then using their ratings
to generate suggestions [39]. In Memory-based Collaborative
Filtering, it is further classified into two categories: User-based
Collaborative Filtering and Item-based Collaborative Filtering.
In User-based Collaborative Filtering, users with similar rating
patterns are identified, and items preferred by these users are
suggested to the active user [24]. Item-based Collaborative
Filtering measures similarities between items and recommends
items similar to those already rated by the active user [37].
Both approaches are widely used in online platforms due to
their effectiveness in capturing similarities from the rating
data. Model-based Collaborative Filtering on the other hand,
applies machine learning or statistical methods to learn patterns
from user-item rating data and estimates ratings for items that
have not yet been evaluated by the user. This approach often
achieves improved accuracy by learning latent representations
of users and items during model training [24], [19]. There are
several other efficient approaches namely, matrix factorization
and deep neural networks are used to model user preferences
[13], [15], [16], [17], [8], [30], [25], [26]. The above methods
utilize the traditional single rating systems.

However, single rating systems fail to capture user opinions
across different aspects or features, especially in service areas
such as hotels, movies, games, etc. To address the limitation of
single rating systems, multiple criteria recommender systems
are used by enabling users to provide ratings across multiple
aspects of an item, such as service, quality, or value. For
example, a user can give five ratings, which include the
overall rating for a movie, with the criterion such as acting,
story, direction, and visuals. Thus, multi-criteria recommender
systems provide more comprehensive understanding of user
preferences and enhance the personalization of recommenda-
tions compared to traditional single-rating systems [14], [20],
[22], [12]. Unlike single-criterion recommendation systems,
where temporal modeling focuses on the evolution of a single
rating over time, multi-criteria recommender systems introduce
additional complexity by requiring the modeling of temporal
dynamics across multiple criteria. Each criterion may evolve
differently over time based on user preferences. Therefore, it is
necessary to jointly capture both temporal dependencies within
each criterion and the relationships among multiple criteria,
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which requires more advanced modeling approaches compared
to single-criterion systems.

Researchers G Adomavicius and Y Kwon [14], Lakiotaki
et al. [20], Manouselis and Costopoulou [22] have explored the
usage of multi-criteria rating information to improve the rec-
ommendations. However, machine learning approaches such
as ensemble learning and reinforcement learning remain unex-
plored in the designing of multi-criteria recommender systems.
This study presents a deep learning-based approach called
Time-Aware Hierarchical Attention RNN to effectively handle
multi-criteria recommender systems. The model incorporates
a time-aware importance-based sequence formation to adjust
the significance of each criterion based on the frequency of
users’ recent interactions, and employs hierarchical attention
to capture both intra-criteria and inter-criteria relationships. In
addition, a RNN module is integrated to preserve long-term
user preferences and prevent information loss over time. These
improvements enable the model to learn complex dependencies
between multiple criteria and overall ratings more effectively.
The proposed approach outperforms various deep learning and
existing approaches of recommender systems.

II. RELATED WORK

Existing research on recommender systems can be gener-
ally categorized into multi-criteria models, sequential models,
hierarchical attention-based models, and temporal models.

A. Multi-Criteria Models

In early research on multi-criteria recommender systems,
Lakiotaki et al. [20] proposed a user modeling framework
that considered multiple aspects of user feedback to improve
recommendations. This approach enabled a more compre-
hensive understanding of user preferences across different
dimensions, such as quality, service, and value. This model
faced limitations in scalability and showed poor adaptability
to the eveolving nature of user interest. Campos et al. [18]
showed that a number of previously proposed time-aware
multi-criteria recommendation models had previously ignored
some very important factors, which reduced the performance
of the prediction model. Bougteb et al. [12] extended the
previously proposed models by introducing the Multi-Criteria
Attention-LSTM model, which uses attention mechanisms to
handle ratings based on multiple criteria. Although the model
showed promise in terms of performance and the privacy
of the users, the model showed poor performance in terms
of the computational cost and the sensitivity of the model.
Other multi-criteria-based models, such as Nassar et al. [28],
showed the effectiveness of deep learning in multi-criteria
recommendation scenarios, which still did not address the
temporal dimension of the model.

B. Sequential Models

With the introduction of deep learning, recurrent neural
networks became prominent in recommendation system. Xu et
al. [9] introduced the Long and Short-Term Self-Attention Net-
work (LSSA), which demonstrates effectiveness in capturing
the balance between short-term and long-term user preferences
using a combination of recurrent and self-attention layers.
Similarly, Hu et al. [4] proposed the Memory-Augmented
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Attention Network (MEANS), which used an external mem-
ory to retain historical user interactions for long-term de-
pendency modeling. These RNN-based methods effectively
capture sequential dynamics but require high computational
cost and lack explicit hierarchical or criteria-level representa-
tions, which limit their interpretability and generalization to
multi-criteria environments. Foundational sequential models
such as GRU4Rec by Hidasi et al. [15] and attention-based
sequential models such as SASRec proposed by Kang et al.
[29], BERT4Rec by Sun et al. [31], and S3-Rec by Zhou et al.
[32] introduced self-attention and self-supervised learning for
stronger sequence modeling. Oh et al. [7] improved sequential
modeling using multimodal attention, Yuan et al. [10] incor-
porated contextual signals into GRU-based architectures, and
Xu et al. [33] combined graph structures with self-attention.

C. Hierarchical Attention-Based Models

With improvements in attention mechanisms, researchers
began exploring hierarchical and contextual attention-based
models to capture more complex dependencies. Cui et al.
[5] introduced the Hierarchical Contextual Attention-Based
GRU (HCA-GRU), which applied two levels of attention
to aggregate both local and global contextual informa-
tion. Ruan et al. [6] expanded on this idea by proposing
the Knowledge-Enhanced Personalized Hierarchical Attention
Network (KEPHAN), which uses external knowledge graphs to
improve personalization and better understand what items rep-
resent. Elsayed et al. [2] introduced the Hierarchical Masked
Attention for Multi-Behaviour Recommendation (HMAR),
which added another approach to this domain. Other attention-
based models, like the DIN model proposed by Zhou et
al. [36], have also shown strong performance in capturing
users’ interests. Even though these hierarchical models pro-
vided better interpretability and personalization, they were still
computationally expensive and required complete contextual or
semantic information available.

D. Temporal Models

In addition, time-aware recommendation systems were also
proposed, which considered time as a factor by capturing the
dynamics of users’ interests. Wang et al. [3] introduced a Time-
Aware Sequence Model (IDLSTM-EC), that integrates interval
and duration gating mechanism using an LSTM architecture.
Zhang et al. [11] proposed a Time-Aware Self-Attention Neural
Network (TAT4SREC), which incorporate time intervals as
a bias terms in attention weight calculations. Following this
direction, Zhang et al. [1] proposed a Hierarchical Time-Aware
Mixture of Experts (HM4SR). Jain et al. [27] proposed a
time-aware model using Gower’s coefficient and time decay
functions. Wide & Deep [34] and DeepFM [35] proposed
by Guo et al. also contributed to recommendation systems
using deep feature-based models. Time-aware recommendation
models were found effective in understanding users’ behavior
over time and improving recommendation accuracy. However,
they require a lot of data and computational resources, making
their practical usage difficult.

Despite these advancements, existing approaches address
multi-criteria modeling, sequential modeling, hierarchical de-
pendencies, and temporal modeling independently. However,
they fail to jointly integrate these aspects into a unified
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framework, which limits their ability to capture the evolving
multi-criteria user preferences [5], [29], [28].

III. BACKGROUND

Recommender systems are an integral component of sev-
eral digital platforms, including e-commerce, travel, and
streaming services. The main idea behind the recommendation
system is to assist users in finding items that match their prefer-
ences by selecting the most suitable options from the large set
of available items. The traditional recommender system mainly
focused on collaborative filtering, with specific emphasis on
matrix factorization, for revealing the underlying relationships
between users and items [13]. Though the traditional system
performed well, it mainly considered user preferences and item
characteristics as static, which does not reflect the realistic
scenarios in which user preferences change with time. In
addition, many applications collect ratings on multiple aspects
(such as value, service, and cleanliness in hotel reviews).
Predicting a single overall score fails to include the complete
details of user feedback [14].

Deep learning models have been adapted to address the
limitations of static recommendation methods by capturing
sequential and time-aware user behaviors. Recurrent neural
networks (RNNs) are effective in modeling session-based inter-
actions by analyzing the sequence of user actions, including the
order of viewed items [15]. Recurrent recommender networks
integrate the temporal dynamics of users and items, leading
to higher accuracy and personalization in predictions [16].
Recently, attention mechanisms have significantly impacted
sequence modeling, with the Transformer showing that self-
attention can efficiently capture long-term dependencies [17].

IV. PROPOSED APPROACH

We propose a Time-Aware Hierarchical Attention Recur-
rent Neural Network for multi-criteria recommender systems
(see Fig. 1). The proposed approach combines various com-
ponents such as embedding process, time-aware importance-
based sequence formation, hierarchical attention, RNN, and
rating prediction. By combining these components, the model
captures user behavior over time, dependencies between dif-
ferent criteria, and long-term patterns. These components are
applied to three different datasets, namely TripAdvisor, Beer-
Advocate, and Skytrax Airlines.

A. Embedding Process

In the embedding process, each user, item, and criterion
is mapped into a continuous latent space that stores semantic
interactions. The corresponding embedding vectors are denoted
as, E, € RNV«xd E, ¢ RVNiXd and E,. € RE*4, where, N,
and [V, represent the total number of users and items, respec-
tively, C' denotes the number of criteria, and d is an embedding
dimension. For each interaction occurring at timestamp ¢, the
latent embeddings for user, item, and criterion %k are defined
as e, = E,[u], i = E;[iz], and eﬁk) = E.[k], respectgz/)ely.

Tt

Each criterion embedding is normalized by rating scale -4 to
preserve the rating within the embedding representation. Thus,
the criterion-wise weighted representation is formulated as:
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(k)

Zg’f):egkt%, k=1,2,...,C (1

This process helps to combine the user ID, item ID, and
each criterion rating into a unified latent representation. By do-
ing this, the network can understand the complex interactions
among users, items, and the criteria.

B. Time-Aware Importance-Based Sequence Formation

The embedding vectors computed in Eq. (1) are used to
measure how recent user—item interactions are, by giving more
importance to recent interactions compared to older ones. For
each criterion k, two parameters are used: the decay rate \(¥)
and the importance weight v(¥). The time gap from the first
interaction is defined as A; = 7 — 79, where 7y denotes the
timestamp of the initial interaction. The time-aware importance
score is defined as Eq. (2):

t(k) =~®) . exp (— softplus(AF)) - At) 2

where, the softplus activation function is used to ensure
that the decay rate remains positive by stating that A(*) > 0.
After this softmax activation function is applied throughout
time [see Eq. (3)].

exp(B)

S exp(BY)

of®) =

3

Finally, the criterion feature vector with temporal informa-
tion is computed as:

ORISR @

t 0 = Oy T2y

This process gives more importance to recent user behavior
by reducing the older interactions and focusing on the most
relevant ones.

C. Hierarchical Attention Mechanism

The time-aware representations hgk) obtained from Eq. (4)
are organized into a criterion-specific sequence H®*) =
[hgk)7 hék), e hgiC ) |, which serves as input to the hierar-
chical attention mechanism defined in Eq. (5) to Eq. (10).
This enables the model to capture both intra-criterion (micro-
level) and inter-criterion (macro-level) dependencies, allowing
a better understanding of user preferences across different
criteria.

Each vector is projected into query, key, and value spaces
as:

(k) (k) (k)
QR = H(k)WQ ., K® = H(k)WK A VACORS H(k)vzfs‘;

where, Wg )W), Wg/k ) € R9%4 gre learnable matrices.
The attention output can be obtained from:
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Fig. 1. Proposed architecture of Time-Aware Hierarchical Attention Recurrent Neural Network model.
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OO
AR = Softmax<Qj<g> v (6)

This helps the model focus on the most relevant time steps
for each criterion.

To capture dependencies among multiple criteria, outputs
from all micro-level representations are integrated. The aggre-
gated representation is computed as:

1 C
Hmacro == A(k) 7
o ; (7)

The resulting macro-level output can be represented as:
Hmacro = [hmacro,h hmacro,27 L) hmacro,T]

Then, query, key, and value projections are defined as:

Qmacro = HmacroWQ
Kmacro = HmacroWK (8)
Vmacro = HmacmWV

and the macro-level output is obtained by:

T
Q macro K macro

A oo = softmax
< Vd

> Vmacro (9)

The final hierarchical attention representation integrates
both levels:

X, = [eulleil Amcros AN JAY ] (10)

This combination ensures that both local intra-criterion
(micro-level) and inter-criterion (macro-level) are jointly en-
coded.

D. Recurrent Neural Network

To accurately model long-term dependencies that extend
beyond sequential interactions, a Recurrent Neural Network
(RNN) is incorporated into the proposed architecture. The
memory consists of learnable key—value matrices Mg €
RMxd and My € RM*4 where M is the number of memory
slots and d denotes the dimensionality of the embeddings. The
hierarchical contextual representation X; obtained after the
attention mechanisms is aggregated over time to construct a
memory query vector as Eq. (11):

T
1
=W, Tzlxj (11)
iz

where, W, € R4*? is a learnable projection matrix. The
attention weights over the memory keys are then computed
using a softmax function, Eq. (12):

n, = softmax (q; M) (12)
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where, 17, € RM represents the normalized importance
distribution over the M memory slots. The corresponding
memory read vector is calculated as a weighted sum of the
value embedding [see Eq. (13)]:

m; = n,My 13)

which helps retrieve relevant contextual information from
memory. The resulting memory vector is then combined with
the hierarchical embedding to form the input to the RNN as
shown below, Eq. (14):

Zt = [Xt||mt} (14)

where, || denotes vector concatenation. The Recurrent
Neural Network then updates its hidden state using a non-
linear transformation [see Eq. (15)]:

h; = tanh(W,Z; + Uph;_1 + by,) (15)

where, b, represents the bias vector and W, U, € R4
are trainable vectors. This module enables the model to dy-
namically retrieve relevant information from memory while
preserving the sequence of interactions, which improves the
representation of temporal and contextual dependencies in
user-item interactions.

E. Evaluation Metrics

The final hidden state h; obtained from the Recurrent Neu-
ral Network is passed through two different fully connected
layers for estimate the overall rating and the multi-criteria
ratings. The formulation for predicting the overall rating is
as follows [see Eq. (16)]:

Yt = Wohy + b, (16)

The multi-criteria rating prediction is formulated as fol-
lows, Eq. (17):

r, = Wchy + b, a7

The training of this model is done by minimizing the
Mean Squared Error, which evaluates the difference between
predicted ratings and true ratings for each criterion, as shown
in the following Eq. (18):

c
1
Lyse = NC Z Z(Ti,k —7ig)? (18)

i=1 k=1

Let N be the total count of the training samples, and C' be
the total count of criteria ratings. The symbol 7;;, denotes
the actual rating of the i-th sample for the k-th criterion,
whereas 7; ;; denotes the predicted rating. The mean squared
error (MSE) measures the average squared difference between
the predicted and actual ratings.

www.ijacsa.thesai.org

1157 |Page



(IJACSA) International Journal of Advanced Computer Science and Applications,

Vol. 17, No. 3, 2026

train_|

train_|

= i A train_loss=20| J irli
TripAdvisor val foseczo || 00112 BeerAdvocate Eval_lossﬂo 0.056 Skytrax Airlines Gl Tpsact
0.030 1
0.0110 4 0.054 4
0.0108 4 0.052 4
0.025 1 0.0106 4 0.050
0.0104 4 0.048 4
0.0102 4 0.046
0.020 4
0.0100 4 0.044 4
0.0098 4 0.042 4
0.015 1
0.0096 4 0.040
0.0094 4 0.038
0.010 ——T—— I 0.0092 r————————7——— 0.036 —— T
2 4 6 8 10 12 14 16 18 20 2 4 6 8 10 12 14 16 18 20 2 4 6 8 10 12 14 16 18 20
Epoch Epoch Epoch
Fig. 2. Comparison of loss on different datasets for proposed model.
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Fig. 3. Comparison of MAE on different datasets for proposed model.

To evaluate the model performance in generating recom-
mendations, the mean absolute error (MAE) and the root mean
squared error (RMSE) are calculated as follows [see Eq. (19)
and Eq. (20)]:

N
1 i
MAE = N;\yﬁwl (19)
1 N
RMSE = | = > (v — 9:)° (20)
i=1

The evaluation metrics are computed for the overall rating
to thoroughly assess the model’s performance across various
dimensions of user feedback.

V. DATASET DESCRIPTION

To evaluate the TAH-RNN model, three real-world datasets
with multi-criteria rating were utilized: TripAdvisor, BeerAd-
vocate, and Skytrax Airlines. The TripAdvisor dataset used
in this research is based on the HotelRec corpus provided

by Diego Antognini and Boi Faltings, which contains around
50 million hotel reviews. Out of this vast amount of data, a
sample of 100,000 user-item interactions has been selected for
the experimental process. The BeerAdvocate dataset was taken
from Kaggle, and it includes nearly 1 million reviews; 100K
samples were used for this work, and Skytrax Airlines dataset
was also sourced from Kaggle and contains 65,947 records
after cleaning. For all datasets, the only necessary features
such as user id, item id, timestamp, overall rating, and the
available criteria ratings were included. The detailed summary
of all three datasets are presented in Table 1.

TABLE 1. SUMMARY OF DATASETS

Dataset Users Items  Criteria  Overall Rating  Criteria Rating Size

TripAdvisor [38] 96,874 62,210 8 1-5 1-5 100,000

BeerAdvocate [40] 12,371 19,053 4 1-5 1-5 100,000

Skytrax Airlines [41] 44,069 81 6 1-10 1-5 65,947
VI. EXPERIMENTAL SETUP

The model was trained by utilizing the AdamW optimizer
with a batch size of 32 alogn with embedding dimension of
64 for all datasets. The number of training epochs was set
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to 20, and a weight decay 1 x 1075 was applied to prevent
overfitting. The learning rate was adjusted for each dataset
(0.01 for TripAdvisor, 0.02 for BeerAdvocate, and 0.03 for
Skytrax Airlines) to account for differences in dataset scale
and rating distributions. This dataset-specific tuning ensured
stable convergence and improved model performance while
maintaining consistent training settings across all experiments.
All baseline models were implemented and evaluated in the
same experimental environment using identical preprocessing
steps, dataset partitioning, and evaluation measures to mantain
a fair and consistent comparison.

VII. RESULTS AND DISCUSSION

In this section, we discuss about MAE and RMSE eval-
uation results performed on TripAdvisor, BeerAdvocate, and
Skytrax Airlines datasets using TAH-RNN (Time-Aware Hier-
archical Attention Recurrent Neural Networks). The model was
trained under 20 epochs, and its performance was evaluated at
each epoch to observe improvements during training. MAE and
RMSE were calculated using the difference between predicted
and actual ratings during both the training and validation
phases.

A. Performance Comparison on Different Datasets

From Fig. 2, the training and validation loss values ob-
served across the TripAdvisor, BeerAdvocate, and Skytrax
Airlines datasets indicate that the TAH-RNN model converges
effectively during training. The overall decreasing trend in loss,
along with the minimal difference between training and vali-
dation values, demonstrates that the model learns meaningful
patterns without overfitting. The TripAdvisor dataset demon-
strates stable learning behavior due to relatively structured user
interactions, while the BeerAdvocate dataset shows consistent
performance, indicating strong generalization. Although the
Skytrax Airlines dataset exhibits more variability due to diverse
user ratings, the model maintains a steady improvement in loss,
highlighting its robustness across different data characteristics.

From Fig. 3, the MAE trends for the TripAdvisor, Beer-
Advocate, and Skytrax Airlines datasets demonstrate that the
TAH-RNN model provides accurate and consistent predictions
across different domains. The minimal difference between
training and validation MAE values indicates that the model
generalizes well and avoids overfitting. The TripAdvisor and
BeerAdvocate datasets show stable and consistent behavior,
reflecting the model’s ability to understand user preferences
effectively. In contrast, the Skytrax Airlines dataset presents
more variability due to complex and diverse user feedback;
however, the model maintains consistent performance, demon-
strating its capability to handle heterogeneous data.

From Fig. 4, the RMSE trends further confirm the ef-
fectiveness of the TAH-RNN model in capturing prediction
accuracy across all datasets. The minimal difference between
training and validation RMSE indicates consistent performance
without overfitting. The TripAdvisor dataset shows consistent
behavior, while the BeerAdvocate dataset maintains stable
trends, reflecting reliable prediction performance. Although
the Skytrax Airlines dataset exhibits higher variability due
to diverse rating patterns, the model continues to perform
consistently, highlighting its robustness in handling complex
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multi-criteria data. Overall, the RMSE trends validate the
model’s ability to effectively capture both temporal patterns
and hierarchical dependencies.

B. Performance Comparison on Different Models

The proposed model performed better than the baseline
models on the TripAdvisor dataset, as shown in Table II. The
comparison includes models such as KNN, MC-ANN, LSTM,
and LSTM-RNN. The TAH-RNN model achieved the lowest
MAE and RMSE across all methods. This improvement is due
to the ability to capture temporal dynamics and hierarchical
relationships across multiple criteria, which helps in learning
user preferences more effectively.

TABLE II. RESULTS FOR TRIPADVISOR DATASET

Model MAE RMSE
KNN 0.9659 1.3568
MC-ANN 0.6947 0.8871
LSTM 0.5500 0.7841
LSTM-RNN | 0.5675 0.7903
TAH-RNN 0.3521 0.5401

TABLE III. RESULTS FOR BEERADVOCATE DATASET

Model MAE RMSE
KNN 0.4911 0.6525
MC-ANN 0.6208 0.8057
LSTM 0.4597 0.5998
LSTM-RNN | 0.4806 0.6259
TAH-RNN 0.4320 0.5903

The proposed model outperformed baseline models on the
BeerAdvocate dataset, such as KNN, MC-ANN, LSTM, and
LSTM-RNN, as shown in Table III. The TAH-RNN model
obtained the lowest MAE and RMSE values. Although the
performance difference is smaller compared to the TripAd-
visor dataset, the model still demonstrated better accuracy
by effectively capturing temporal variations and multi-criteria
dependencies in user preferences.

TABLE IV. RESULTS FOR SKYTRAX AIRLINES DATASET

Model MAE RMSE
KNN 3.1330 | 4.1276
MC-ANN 2.3294 2.7109
LSTM 1.3830 1.7157
LSTM-RNN 1.6899 2.0432
TAH-RNN 0.9369 1.1522

The proposed model significantly outperformed baseline
models on the Skytrax Airlines dataset, such as KNN, MC-
ANN, LSTM, and LSTM-RNN, as shown in Table IV. The
TAH-RNN model achieved lower MAE and RMSE when
compared to other models. This highlights the effectiveness of
the proposed approach in handling large and complex multi-
criteria datasets through the integration temporal dynamics and
hierarchical attention.

The consistent performance improvements across all three
datasets indicate the generalization ability of the proposed
TAH-RNN model.

The improved performance of the proposed TAH-RNN
model is due to its ability to capture temporal variations
in user preferences. In real-world scenarios, user interests
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Fig. 4. Comparison of RMSE on different datasets for proposed model.

change over time, and recent interactions generally provide
a better indication of current preferences than older ones. The
time-aware importance-based sequence formation mechanism
assigns higher weights to recent interactions while reducing the
influence of outdated information, which helps the model focus
on more relevant patterns. Additionally, modeling temporal be-
havior at the criterion level enables the system to capture fine-
grained changes in user preferences across multiple aspects,
leading to improved recommendation accuracy.

Despite its effectiveness, the proposed model has certain
limitations. First, the assumption that recent interactions are
always more important may not hold for users with stable
long-term preferences. Second, the model requires sufficient
historical interaction data to learn meaningful temporal pat-
terns, making it less effective in cold-start scenarios. Third,
the combination of hierarchical attention and temporal model-
ing increases computational complexity, which may result in
longer training time. Furthermore, the model may struggle to
capture sudden changes in user preferences that do not follow
gradual temporal trends.

VIII. CONCLUSION

In this study, a Time-Aware Hierarchical Attention Recur-
rent Neural Network (TAH-RNN) model is proposed for han-
dling multi-criteria ratings. The proposed approach combines
multi-criteria ratings with temporal information at the input
layer to capture user behavior. The experimental results ob-
tained from real-world datasets demonstrates that the proposed
approach performs well and provides scope for further explo-
ration. However, the proposed model has certain limitations,
including its dependency on sufficient historical interaction
data and its computational complexity due to the integration
of temporal modeling and hierarchical attention. In addition,
RNN-based architectures may have limitations in capturing
long-term dependencies effectively, which can affect perfor-
mance in complex sequential scenarios. Further improvements
can be achieved by exploring advanced recurrent architectures
such as LSTM and GRU variants to better capture temporal
dependencies and improve learning efficiency. Additionally,
Transformer-based models can be explored to better handle
long-term dependencies and improve scalability. Furthermore,

integrating user reviews along with multi-criteria ratings can
enhance the understanding of user preferences and further
improve recommendation quality.
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