IAES International Journal of Artificial Intelligence (1J-Al)
Vol. 15, No. 2, April 2026, pp. 1539~1547
ISSN: 2252-8938, DOI: 10.11591/ijai.v15.i2.pp1539-1547 O 1539

Session click sentiment behavior aware personalized

recommendations system

Suraj Bevinahalli Suresh, Padma Muthalambikashettahally Cheluvegowda
Department of Computer Science and Engineering, P.E.S. College of Engineering affiliated to Visvesvaraya Technological University,

Belagavi, India

Article Info

ABSTRACT

Article history:

Received Jun 11, 2025
Revised Jan 5, 2026
Accepted Jan 25, 2026

Keywords:

Bayesian personalized ranking
Long-short term memory
networks

Personalized recommendation
Recurrent neural networks
Sentiment behavior

Session feature

Session-based recommendations use short-term behavior of users to provide
personalized suggestions to consumers in ecommerce platform. However,
cold start, considering newly joined users and sparsity issues, where not
enough short-term behavior is available, and the performance of traditional
session-based recommendations is significantly impacted. Deep learning
(DL) like recurrent neural networks (RNNSs), long short-term memory
networks (LSTMs), and graph neural networks (GNNs) have been employed
to capture session-clicks and enhance product recommendation accuracy.
However, the current method is significantly affected due to the gradient
descent problem in meeting convergence for top-K product
recommendation. Further, the current method failed to capture product
sentiment for session-clicks between inter-session and intra-session clicks.
In addressing the research problems, the current research work introduced a
session click sentiment behavior aware (SCSBA) personalized
recommendation system using novel inter and intra session (IIS)-LSTM
model. Finally, the objective function to recommend top K items to users is
done using optimized Bayesian personalized ranking (OBPR) algorithm.
Experiment outcome shows the SCSBA model achieves much better
performance than state of art model, considering standard Tmall dataset.
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1. INTRODUCTION

Session-based recommendation systems have emerged as pivotal components in modern
e-commerce platforms, offering personalized item suggestions by analyzing short-term user interactions [1].
Unlike traditional recommendation systems that rely on extensive historical data, session-based systems
focus on transient user behaviors captured within a session, thereby enabling effective personalization even
for anonymous or newly registered users. The increasing importance of these systems spans across various
industries, with a notable impact in e-commerce, where they drive engagement and improve conversion rates
through real-time decision-making [2], [3]. Despite their potential, session-based recommender systems face
two primary challenges: the cold-start problem, where the system has limited data for new users, and data
sparsity, which arises when available session data lacks the depth required for robust inference [4], [5].
Traditional machine learning methods, while effective to a certain extent, struggle with these limitations due
to their inability to fully exploit the complex temporal dynamics and contextual cues in session data [6], [7].
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To overcome these constraints, the adoption of deep learning (DL) techniques has been widely
explored [8]. Models such as recurrent neural networks (RNNSs), long short-term memory (LSTM) networks,
and graph neural networks (GNNs) have demonstrated success in capturing sequential patterns and
contextual transitions in user behavior [9], [10]. These DL models enable the learning of rich representations
from session-click sequences, facilitating more accurate and relevant product recommendations.
Nevertheless, the application of DL in this context introduces its own set of challenges. A critical issue lies in
the gradient descent optimization process [11], where convergence difficulties, particularly the vanishing
gradient problem can impair the model's ability to learn from long or sparse sequences [12], [13]. Moreover,
the presence of highly imbalanced interaction data, where certain items dominate user engagement, often
leads to biased recommendations that fail to represent niche or underrepresented products fairly [14]. In
addition, existing models largely overlook the sentiment dimension of user clicks, ignoring the valuable
emotional cues embedded in session interactions. Particularly, the distinction between intra-session (within a
single session) and inter-session (across multiple sessions) user behaviors remains underexplored, despite
their potential to reflect different contextual preferences and affective states [15], [16].

To address these gaps, this research proposes the session click sentiment behavior aware (SCSBA)
personalized recommendation system. Central to this framework is a novel inter and intra session (I1S)-
LSTM model, which is designed to capture both temporal dependencies and sentiment-aware signals across
and within sessions. To further enhance recommendation precision and stability, the model employs an
optimized Bayesian personalized ranking (OBPR) objective function, aimed at resolving convergence issues
and improving the top-K recommendation performance [17]. The proposed model is evaluated on the Tmall
dataset, a standard benchmark in e-commerce recommendation research. Experimental results demonstrate
the superior performance of the SCSBA model over state-of-the-art methods, confirming the efficacy of
integrating sentiment analysis, session structure modelling, and optimization-aware learning for improved
personalized recommendations. The contribution of this work is as follows:

—  The paper introduced a novel LSTM model that can effectively capture user-item and its sentiment
behavior more efficiently by adoption of effective fusion process.

—  The model introduced a novel OBPR to enhance the personalized recommendation.

—  The IIS-LSTM trained with Bayesian personalized ranking (BPR) is very efficient in improving hit
rate (HR) and mean reciprocal rank (MRR) for Tmall dataset in comparison with recent
recommendation methodologies.

The manuscript organization is as follows: section 2, introduces many recent methodologies of
session-based recommendation to capture user-item behavior. Section 3 introduces a novel session-based
personalized recommendation by effectively capturing user-item sentiment behavior through novel
I1S-LSTM and BPR model. Section 4 presents a performance efficiency of proposed and other existing
recommendation model in terms of HR and MRR using widely used publicly available Tmall dataset. The
last section concludes the performance enhancement in recommendation in terms of percentage and future
work to be carried out to enhance the performance considering more diverse features.

2. LITERATURE SURVEY

In this various existing session recommendation model to understand users’ sentiment and
behavior pattern with respect to items/product. A session-based recommendation system is designed
employing context-aware and gated graph neural networks (CA-GGNNs) was proposed in [18]. the model
initially constructed graph structure to represent session-clicks; later, the gated graph neural network
(GGNN) was utilized to obtain the embedding vector representation of different produce within the session
graph. With feedback contextual features like holidays, time, and location acquired within the session and
periodic contextual features like amount of time spent on each product, the gated recurrent unit (GRU) in
GGNN has been widened to substitute the structure of inputs and the current condition matrices in the
traditional GRU. After gathering the likes and dislikes of consumers through a soft-attention method, a list
of recommendations was provided. Session-clicks streams, and contextual feature were incorporated in the
CA-GGNN model. The performance is validated using Yoochoose with precision of 0.708 and MRR of
0.3183 for top 20K recommendation and Diginetica datasets with precision of 0.5112 and MRR of 0.1848
for top 20K recommendation.

A session-click recommendation system namely session-based recommendation with graph and
time-aware memory networks (SR-GTM) leveraging GNN and time-based memory networks in [19]. The
system combined collective knowledge across comparable peer experiences alongside session-specific data
to acquire what the consumer liked about a product. In particular, the internal feature optimization (IFO) and
external feature optimization (EFO) are the two key components of SR-GTM. While EFO extracts
collaboration knowledge from a memory network that has visit session statistics stored, IFO employs a GNN
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to acquire session characteristics according to product sequencing. Lastly, to get the recommendation rating
for every potential product, SR-GTM combines IFO and EFO using the gating process and then uses a
SoftMax layer for decoding the result. The performance is validated using Yoochoose with precision of 0.718
and MRR of 0.3253 for top 20K recommendation and RetailRocket datasets with precision of 0.6364 and
MRR of 0.3741 for top 20K recommendation. Yang et al. [20] introduced a new algorithm namely logit
averaging (LA) by leveraging local-global information using intra-session product association. The model is
validated using various standard datasets such as Tmall, Yoochoose, RetailRocket, and Diginetica.

Session-based recommendation model is constructed using various publicly available machine
algorithms [21]; the result shows k-nearest neighbor and its variant produced much better outcome than other
ML-based methodologies. Wu et al. [22] introduced a contextual feature into session-based recommendation
using RNN. A time-aware neural attention network (TNAN) was presented [23] to represent evolving
consumer choices in session-based recommendation tasks. To gain insight into product embedding, a GNN
was trained on every instance, resulting in a global session graph. Subsequently, an RNN was employed to
enhance the product embedding and identify consumer's overall preferences according to present sentiment's
context. Next, a brand-new TNAN was put forth and employed to simulate the consumer's primary goal for
the period. Lastly, a combination of the consumer's primary goals and common pursuits produced dynamic
consumer sentiments that were used to create suggestions aiding in improving better recommendation.
Salampasis et al. [24] showed LSTM-based recommendation system outperforms other RNN-based
recommendation system considering different datasets due to lesser requirements of parameter fine-tunning.
Similarly, GNN [25] can provide a good trade-off between accuracy and efficiency for understanding
consumer sentiments. The hybrid method combining LSTM and GRU produced accuracy of 97.6%.

Dong et al. [26] introduced an enhanced GNN model namely graph positional attention network
(GPAN) to capture both low and high importance features with respect to user sessions-clicks. Finally,
consumer long-term and short-term preference fused to provide session-based recommendation using three
standard datasets. Similarly, hybrid time-centric prediction (HTCP) model is introduced in [27] to capture
consumer short and long-term behavior. The performance is validated using Tmall and Yoochoose challenge
dataset. Wang et al. [28] introduced session-based recommendation system [29] using repeat-aware neural
network by effectively learning consumer behavior employing GNN to identify pair-wise product similarities
and establish group-based consumer product sentiments. The model performance is studied using
Nowplaying, Yoochoose, and Diginetica dataset. Gao et al. [30] developed a session-aware recommendation
using multi-layer augmented aggregation with contrastive learning (SR-MACL); the model adds additional
noise into the embedding layer to solve contextual behavior modelling issues of traditional GNN session-
based recommendation system by effectively eliminating irrelevant products. Experiment is conducted using
Nowplaying, Tmall, and Diginetica dataset with good recommendation performance; however, the model
failed to extract sentiment behavior within the session clicks on respective due to poor understanding of inter
and intra-session learning. This paper introduces a novel recommendation model SCSBA that effectively
captures user session sentiment behavior employing novel 11S-LSTM-based model in next section.

3. METHOD

This work introduces a novel recommendation system namely SCSBA using session-aware feature
and sentiment-aware behavior features. The proposed SCBSA personalized recommender system introduces a
new 1IS-LSTM model that captures session-aware hidden features and session-click sentiment behavior
features by fusing them to obtain better understanding of user-item relationship. Finally, in building predictive
model to perform personalized recommendation, the work introduce optimized version of BPR algorithm.

3.1. Problem definition and session click sentiment behavior feature

Let V = {vy, ..., vy}, represent the set of users and J = {jy, ..., ji;} denote the set of available
products in an e-commerce system. For each user v € V, we define the sequence JV = (j?, ...,jl'jvl ) as the
chronological list of products interacted with or purchased by the user. The objective is to leverage the
historical behavior of users j¥ to generate accurate product recommendations for each v. Item representations
incorporate both observable and latent sentiment-aware features. The latent feature of an item is encoded as a
dense vector as in (1).

jy =y, jx ER® 1)
To model the session-level dynamics, intra-session and inter-session behavioral characteristics are

represented as h and g, respectively. These are transformed into embedded spaces using two distinct matrices
W and F as in (2) and (3).
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jh=Wg, jn €R® 2
jngg' ngRe (3)

To mitigate the cold-start problem typically faced by sequential recommender systems, we employ a feature
fusion strategy as in (4).

Jn ng + jn Jn ER® (4)
The decoding process reconstructs session-aware features using reverse-mapping matrices £¥ and WY as in (5).
g=FYj,andh=WwWUj, (5)

The reconstruction error is minimized using (6).

2 — 2\ 2
. 1 9;=9l" , lnj-R;
o= argénm — Y1 <” =9l Il ) (6)

leg] lenl
Here, |eg|and ley,| are the dimensionalities of inter- and intra-session features respectively.
3.2. Inter-intra session click sentiment behavior long short-term memory model

This section presents an 1IS-LST by employing dual-layer LSTM model to capture sequential
dependencies across user interactions considering 11Ss as in (7) to (12).

gt =Wyt + X,i% 1+ ¢) @)
a* = o(V,y* + X,i% 1t + ¢) 8)
h* = tanh(V3y* + X3i% 1 + ¢3) 9)
d* = g*Qc* ! + a*Oh* (10)
p* =o(Vy* + V,i¥ 1 +¢,) (1)
i* = p*Otanh(d%) (12)

Where ® denotes element-wise multiplication, u defines session aware features, y* € S¢ defines the SCSBA
input feature, and V,_, € $¢*¢ defines the transitional matrices of the present input. The recurrent
relationships denoted as X;_, € $¢*¢ play a crucial role in delivering sequential data. The terms b;_, €
S¢can be identified as bias variable in the context of the research being conducted. The forget-gate (g*),
input-gate (a“), update-gate (h“), cell (d“), output-gate (p*), and hidden-state (i*) are fundamental
components in the context of a RNN or a variant such as a LSTM network. These elements play crucial roles
in information flow and memory management within the network architecture. Specifically, the forget-gate
(g*) determines the extent to which the previous cell-state is retained or discarded. The input-gate (a*)
regulates the amount of new information that is incorporated into the current cell-states. The update-gate
(h*) controls the blending of the previous and current cell-states. The cell (d*) represents the memory
component of the network, storing and propagating information over time. The output-gate (p*) governs the
amount of information that is exposed from the current cell-state. Finally, the hidden-state (i*) encapsulates
the network's internal representation. In the present study, the LSTM approach is employed to replace the
initial equation as described in (7) to (12), then, the full input is then processed using (13).

i* = Lstm(Vy*, Xi*"1,¢), i* € S¢ (13)

In (13) ¥V composed of 4 matrices denoted as V;_,. Similarly, the matrices X and ¢ also contain four matrices
each. A two-layer architecture is used. The first LSTM layer iy captures latent session click features (14).

it = Lstm(V,j1, X, %%, c), i% € S° (14)
The second layer models session sentiment-aware features (15).

i = Lstm(Vyjit, Xp i, c,), i € S° (15)
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Where V,, is composed of four matrices defined by V,;_, € S¢*¢ and X,,, c,, V,,, X,,, and c,, are set of matrices
considering y hidden characteristics of user session clicks and n concatenated session click sentiment
behavior. Therefore, the joint hidden state representation for recommendation is formed by concatenating
outputs as in (16).

i = [j¥j¥], i e s? (16)

Where j;' represent the product clicks sessions hidden information and j' represent the corelated features of
session click sentiment behavior of distinct products considering user's universal interest i*. This
concatenated representation serves as a comprehensive encoding of the user’s behavioral and sentiment-
based preferences. The final joint LSTM is trained as in (17).

i* = Lstm(V[j¥; j4]Xi*"1,¢), i € s2¢ 17

The variable i* denotes every single property of consumer likings, instead of merging of several likings as
defined in (17). In this work, the parameter V, which consist of factors V;,V,, Vs, V, € R?¢ which is
persuaded with availability of parameters j; and jy'.

3.3. Personalized Bayesian personalized based learning

To generate personalized recommendations, we adopt the BPR framework. The original BPR
method [27] suffers from inefficiencies due to large negative sampling spaces. The work address this by
applying a constrained negative sampling «' scheme that enhances computational efficiency as presented
in Algorithm 1.

Algorithm 1: Optimized BPR sampling strategy
Input: User set V, item set U, interaction history T, optimization rate y
Output: Trained parameters ©
1: Foreachuserv e V:
Estimate negative sampling distribution
Select reduced negative item space S,, «<-sample (V,U,y)
2. While convergence is not met:
Randomly sample (v,j,k) € T(v,j, k) withj € T and k € S,
Compute gradients using (20)
Update parameters ©

The pairwise preference probability is defined as in (18).
po, L+ 1cw >w') = Az 100 = Bor1ow') (18)

Where the non-linear function /(¢ ) is given by the logistic sigmoid as in (19).

1

h(y) == 19)
The corresponding objective function becomes (20).
le = Z ]og (1 + e_(Zv,€+1,c,w_zv’e+1'clwl)) + % ”61”2 (20)

The parameter u regulates regularization, while © includes all model parameters such as V, §, X, U, and V.
In proposed optimized BPR sampling strategy presented in Algorithm 1, the constrained BPR strategy
restricts negative item pool S, to a reduced subset, thereby minimizing sampling space and enhancing model
convergence. This results in improved performance in terms of ranking, quality and training efficiency.

4. RESULTS AND DISCUSSION

The section presents the performance evaluation of the proposed SCSBA model in comparison with
existing state-of-the-art recommendation techniques, namely GPAN [26], HTCP [27], and SR-MACL [30].
The experiments are conducted using the Tmall dataset [31], which has also been utilized in the b
aseline studies [26], [27] to ensure consistency in performance comparison. Table 1 outlines the key features
and statistics of the Tmall dataset employed in this study. The dataset comprises anonymized user
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interactions with various products and contains session-level clickstream information necessary for modeling
sentiment-aware behavior.

The SCSBA model is implemented in Python using the Anaconda framework. All experiments are
executed on a system equipped with an Intel Core i7 processor, 16 GB RAM, and running the Windows 11
operating system. To assess the quality of recommendations, two widely adopted metrics are used:
HR (HR@K): measures the frequency at which the recommended items appear in the user's true interaction
list. MRR (MRR@K): captures the rank position of the first relevant item in the recommendation list,
offering insight into how early correct items are retrieved. The experimental results demonstrate that the
proposed SCSBA model consistently outperforms the comparative approaches across different values of K,
highlighting its effectiveness in capturing session-specific sentiment behaviors and enhancing
recommendation precision.

Table 1. Attributes present inside Tmall dataset

Features Description
User_id Unique user ID
Seller_id Unique online seller ID
Item_id Unique item ID
Category_id Unique category 1D
Online_Action_id  “0” denotes “click” while “1” for “buy”
Time_Stamp Date of the format “yyyymmdd”

4.1. Hit-rate performance
To quantify recommendation accuracy, the HR is calculated using (21).

HR == (21)
TP+FN

A higher HR indicates a greater proportion of relevant items correctly predicted by the model within the
top-K recommendation list. HR@10K analysis: the comparative evaluation of HR@10K on the Tmall
dataset is illustrated in Figure 1. The results demonstrate that the proposed SCSBA model outperforms
existing methods with a notable margin. Specifically, the HR values for GPAN and HTCP are reported as
0.230 and 0.457, respectively, whereas the proposed SCSBA achieves a significantly higher HR of 0.568.
This corresponds to an improvement of approximately 19.54% over the best-performing baseline (HTCP).
The substantial gain in HR reflects the SCSBA model's ability to more effectively capture users’ click
sentiment behavior within sessions. Its robust performance underscores the model’s potential to generate
more accurate and personalized top-10K product recommendations, thereby enhancing user satisfaction in
e-commerce environments.

HR@20K analysis: the HR@20K results, shown in Figure 2, further validate the performance
advantage of the SCSBA model. In this setting, GPAN and HTCP achieve HR values of 0.280 and 0.534,
respectively. The SCSBA model attains a higher HR of 0.645, yielding a relative improvement of 12.74%
over HTCP. This enhancement reinforces the effectiveness of incorporating session-level sentiment and
behavioral cues into the recommendation process. By leveraging both intra- and inter-session information,
the SCSBA framework demonstrates superior competence in predicting relevant items among the top-20K
candidates. These findings highlight the practical utility of the proposed model for improving
recommendation precision and driving user engagement in real-world e-commerce platforms.
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HTCP GPAN SCSBA 0 HTCP GPAN SCSBA
EHR 0457 0.23 0.568 “HR 0534 0.28 0.612
Models Models
Figure 1. HR for recommending top 10 K item Figure 2. HR for recommending top20K items
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4.2. Mean reciprocal rank performance

The MRR serves as a key metric for assessing the effectiveness of ranked retrieval in
recommendation systems. It is defined as the mean of the reciprocal ranks [26] of the first relevant item in the
top-N list for a set of queries Q, and is calculated using (22).

_lylel_1

MRR = @ZLllTnki (22)
Where rank; denotes the position of the first relevant item for the i-th query. Higher MRR values indicate
that relevant items are appearing closer to the top of the recommendation list, reflecting better ranking
precision. MRR@10K analysis: as illustrated in Figure 3, the evaluation of MRR@10K on the Tmall dataset
highlights a significant improvement delivered by the proposed SCSBA model compared to the baseline
methods. The MRR values recorded for GPAN and HTCP are 0.135 and 0.197, respectively. In contrast,
SCSBA achieves a substantially higher MRR of 0.359, corresponding to an improvement of 45.12% over the
best-performing baseline, HTCP. This result demonstrates the SCSBA model's strength in ranking relevant
items higher in the recommendation list. The improvement suggests that the integration of session-aware
click sentiment behavior enables SCSBA to more accurately prioritize user-relevant products, thus offering
improved personalization and utility in real-world e-commerce scenarios.

MRR@20K analysis: the performance of the proposed model on MRR@20K is presented in Figure 4.
In this setting, the MRR values for GPAN, SR-MACL, and HTCP are 0.138, 0.181, and 0.298, respectively.
The SCSBA model outperforms all baselines with an MRR of 0.456, indicating a 34.64% improvement over
HTCP. These results further confirm the ability of SCSBA to not only retrieve relevant items but also ensure
their presence at higher positions within the recommendation list. This ranking efficiency contributes to an
improved user experience by reducing search effort and increasing the perceived relevance of
recommendations. Consequently, the findings validate the robustness of the SCSBA framework in enhancing
ranked recommendation quality on large-scale datasets such as Tmall.
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< b == My s HTCP  GPAN  SCSB SR-
0 A MAC
HTCP GPAN SCSBA L
WMRR] 0.197 0.135 0.359 ~MRR 0298 0138 0456  0.181
Models Models
Figure 3. MRR for recommending top 10K item Figure 4. MRR for recommending top 20K item

5. CONCLUSION

Recommendation systems play a pivotal role across a range of application domains by delivering
personalized suggestions through advanced algorithmic and data-driven methodologies. DL models such as
RNNs and LSTM networks have demonstrated considerable effectiveness in modelling sequential user
interactions. However, session-based recommendation systems continue to face challenges related to
optimization instabilities particularly gradient descent issues and the complex task of extracting inter- and
intra-session sentiment behaviors. To address these limitations, this study proposed a novel DL-based
recommendation framework, referred to as SCSBA, specifically designed for dynamic and large-scale
e-commerce platforms. The proposed model captures temporal dependencies within user sessions and
integrates sentiment-aware behavioral signals to enhance the contextual understanding of user preferences.
The architecture encompasses key modules including inter- and intra-session sentiment fusion, optimized
BPR, and attention mechanisms to refine the quality of recommendations. Experimental evaluation using the
Tmall dataset demonstrates the effectiveness of the proposed model. Specifically, SCSBA achieves
significant improvements in HR outperforming the HTCP model by 19.54% and 12.74% for the top 10K and
top 20K recommendations, respectively. Additionally, the model improves MRR by 45.12% and 34.64% for
the respective recommendation levels. These results affirm the robustness of the SCSBA framework in
delivering more accurate and contextually relevant product suggestions, thereby enhancing user engagement
in e-commerce environments. Future research will focus on extending the SCSBA framework to incorporate
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predictive modelling for next-item recommendation by leveraging user-generated sentiment and review data,
further enriching the personalization capability of the system.
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