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ABSTRACT

Traditional e-commerce recommendation systems often struggle with dynamic user preferences and a vast array
of products, leading to suboptimal user experiences. To address this, our study presents a Personalized Adaptive
Multi-Product Recommendation System (PAMR) leveraging transfer learning and Bi-GRU (Bidirectional Gated
Recurrent Units). Using a large dataset of user reviews from Amazon and Flipkart, we employ transfer learning with
pre-trained models (AlexNet, GoogleNet, ResNet-50) to extract high-level attributes from product data, ensuring
effective feature representation even with limited data. Bi-GRU captures both spatial and sequential dependencies
in user-item interactions. The innovation of this study lies in the innovative feature fusion technique that combines
the strengths of multiple transfer learning models, and the integration of an attention mechanism within the
Bi-GRU framework to prioritize relevant features. Our approach addresses the classic recommendation systems
that often face challenges such as cold start along with data sparsity difficulties, by utilizing robust user and item
representations. The model demonstrated an accuracy of up to 96.9%, with precision and an F1-score of 96.2% and
96.97%, respectively, on the Amazon dataset, significantly outperforming the baselines and marking a considerable
advancement over traditional configurations. This study highlights the effectiveness of combining transfer learning
with Bi-GRU for scalable and adaptive recommendation systems, providing a versatile solution for real-world
applications.
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1 Introduction

With the explosion of big data [1], particularly in the financial sector, recommendation systems
have become an essential part of contemporary life [2]. The rise of online shopping and related
platforms has driven academics to develop efficient, tailored e-commerce recommendation systems
[3]. Conventional recommendation systems typically employ methods such as collaborative filtering,
content-based recommendation, and hybrid recommendation. However, classical collaborative filter-
ing systems face challenges such as cold start along with data sparsity difficulties [4]. Additionally,
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these methods often fail to capture comprehensive item and user representations [5]. Content-
based recommendation approaches require vectorization methods to improve their outcomes [6]. The
massive volumes of user data collected via the Internet make it impractical to use handcrafted and
lower-level characteristics in practical applications [7]. Analyzing heterogeneous data (labels, text,
and pictures) in content-based recommendation algorithms is computationally costly [8,9]. Hybrid
recommendation approaches attempt to address data sparsity by integrating auxiliary information.
However, due to the complexity of auxiliary information, hybrid approaches often perform poorly
[10,11].

Deep learning models provide exceptional performance in the fields of signal processing, computer
vision, and language processing, hence opening up novel possibilities for recommendation systems.
Personalized recommendation systems can reduce data overload by mining customer preferences,
aiding service providers in better decision-making [12]. Key objectives for network service platforms
include personalized user experiences and decision support [13,14], as they aggregate vast amounts of
news content [15]. Researchers are optimizing personalized recommendation algorithms to enhance
accuracy and address information overload [16]. Traditionally, recommender systems use a single data
source, like a user’s history, for suggestions. However, leveraging multiple information sources is now
popular for better precision and applicability. While collaborative filtering models (neighborhood
approaches and matrix decomposition) perform well with limited data [1 7], modern data complexity
challenges these methods. Reliable recommendations require dynamic knowledge extraction from user
data and deep models that handle large samples [18]. Current personalized recommendation models
can improve the capture of data characteristics for more accurate information extraction.

In this research, we propose the PAMR (Personalized Adaptive Multi-Product Recommendation
System) model using Transfer Learning and Bi-GRU. The methodology begins with data pre-
processing, including denoising and information encoding. Feature extraction involves feature vec-
torization to reduce dimensionality and user vector embedding to capture preferences and behaviors.
The core of the PAMR model employs transfer learning models (AlexNet, GoogleNet, ResNet-
50) for attribute-specific feature extraction, with Bidirectional GRU (Bi-GRU) layers capturing
sequential dependencies in user-item interactions. An Attention Update Gate-GRU (AUG-GRU) with
an attention mechanism refines the model’s focus on relevant features, enhancing its learning from
complex data patterns.

This study aims to enhance e-commerce recommendations by developing the PAMR model, inte-
grating transfer learning and Bidirectional Gated Recurrent Units (Bi-GRU). It seeks to overcome the
limitations of existing systems by adapting to user preferences and diverse product catalogs. Specific
goals include creating a scalable model for large datasets from platforms like Amazon and Flipkart,
improving recommendation precision through user-generated content, and evaluating the model’s
performance against traditional Long Short-Term Memory (LSTM)-based models across various
metrics. The study also demonstrates the model’s adaptability across different product categories and
platforms, establishing its robustness in real-world applications.

In the proposed work, we use three datasets: Amazon, Health Product, and Flipkart Health. The
PAMR model variants show distinct strengths: AlexNet-Bi-GRU excels on the Amazon dataset with
nearly 97% accuracy and F1-score, indicating robust predictive power. GoogleNet-Bi-GRU performs
best on the Health Product dataset, especially in recall and F1-score, highlighting its precision for
health products. ResNet-50-Bi-GRU leads on the Flipkart Health dataset with superior accuracy
and balanced performance, making it the most reliable. Each model’s top performance on a specific
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dataset highlights the importance of matching model architecture to dataset characteristics for optimal
performance.

The significant contributions of the illustrated PAMR model for multi-product recommendation
can be encapsulated as follows:

e Combines data denoising and information encoding for high-quality data preparation, along
with feature vectorization and embedding for capturing detailed user preferences and product
attributes.

e Employs transfer learning (AlexNet, GoogleNet, and ResNet-50) and Bi-GRU for dynamic,
context-aware attribute-specific feature extraction, crucial for personalized recommendations
across varied product categories.

e Integrates AUG-GRU with an attention mechanism to prioritize significant data points, thereby
refining the recommendation process based on user-item interactions.

e Validates the model’s effectiveness with comprehensive performance metrics and demonstrates
its real-world applicability in providing accurate multi-product recommendations.

Below is the outline for the remainder of the article. Section 2 examines research on the best
deep and transfer learning recommender systems; Section 3 lays out the approach to be used;
Section 4 shows the results of the experimental evaluations of the system’s performance on various
recommendation tasks; and Section 5 concludes the study.

2 Related Works

A literature review of existing articles on sentiment analysis is presented in this section. An
information filtering system may filter scene characteristics for personalized advice. In several sectors,
personalized suggestions help consumers make decisions and maximize advantages [19]. Personalized
recommendations rely on pinpointing user interests [20]. Therefore, whether a recommendation system
can effectively derive users’ unseen predilections from imperfect user information. It is important to
measure the pros and cons of the research topic.

With the advent of deep learning, the recommendation algorithm has seen significant modifica-
tions in recent years, and now there is a better way to boost the recommendation system’s performance
[21]. Deep learning recommendation systems improve upon the quality of recommendations while
avoiding the technological problems of the old recommendation mode. The study in [22] employs
Long Short-Term Memory (LSTM) to acquire knowledge of the cited context and the scattered
representation of scientific publications. Subsequently, this knowledge is used for further analysis,
knowledge to measure the correlation and make recommendations based on scientific papers’ features;
Reference [23] extracts user data information using CNN (Convolutional Neural Networks) and
Bi-LSTM (Bidirectional Long Short-Term Memory) networks, improves network performance, and
makes targeted recommendations for network users.

A convolutional neural network-based tag recommendation technique collected and merged
picture and user interaction elements to provide individualized tag suggestions [24]. A multilayer
perceptron-based collaborative filtering recommendation method was examined. Deep learning was
effectively used in creating neural collaborative filtering model [25]. Users’ fluctuating interests were
taken into account, and a customized recommendation approach based on the deep interest network
to shape their interests was presented [26]. A system called Attention-based Deep Learning Point
of interest Recommendation (ADPR) was introduced to extract user preferences for personalized
suggestions. However, when applied to a large dataset, the process of extracting features using this
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recommendation approach is time-consuming and increases the number of parameters that need
to be learned in each cycle [27]. A transfer learning-based deep neural network that used cross-
domain information to improve tailored recommendations was examined. Despite high accuracy,
these approaches can only extract superficial feature information and cannot extract much deeper
information [28].

Similarly, a CNN-Bi-GRU e-commerce product recommendation system was built. To increase
sentiment features in collected text, a sentiment dictionary weighed sentiment word vectors. Then,
CNN and Bi-GRU models extracted essential context information, which the fully connected layer
used to categorize sentiment features. This e-commerce product recommendation system was time-
consuming because of deep-learning model hybridization [29]. Contextual feature vectors were mined
from the dataset by means of GloVe (Global Vectors for Word Representation) word embedding and
TF-IDF (Term Frequency-Inverse Document Frequency). Sentiment analysis was then performed
using a hybrid CNN-LSTM architecture [30]. In LSTM network with enhanced word embedding
requires more training data, increasing costs. The system becomes more complicated when many
models are integrated [31]. Products were recommended using the Broyden—Fletcher Goldfarb—
Shanno algorithm and a GRU model. In this investigation, the model took longer to analyze bigger
datasets, which was a serious concern [32].

Skip-gram was used to extract contextual and semantic elements from the material. For sentiment
analysis, the LSTM network received contextual and semantic data. LSTM network effectiveness
was increased by improving weight parameters using adaptive particle swarm optimization. While
computationally expensive, traditional LSTM networks learn better with more training data [33]. Col-
laborative filtering was employed to analyze product and user evaluations for sentiment. The proposed
collaborative filtering method partially eliminates cold-start concerns [34]. Data was preprocessed
using lemmatization, stemming, and stop-word removal. Possibilistic fuzzy c-means with LDA (Latent
Dirichlet Allocation) modeled topics. CNN models categorized terms as neutral, positive, or negative.
CNN model performance is somewhat affected by high-dimensional data [35].

Fraudulent reviews were detected using consumer emotions, word context, and a bag of words,
outperforming baseline systems in Fl-score, accuracy, and AUC (Area Under Curve) [36]. CNN
and rapid text embedding increased model complexity [37]. A gated RNN for sentiment analysis
faced gradient issues with large datasets [38]. Collaborative filtering faced scalability, cold-start, and
synonym issues [39]. A bidirectional convolutional RNN with group-wise augmentation outperformed
previous methods but struggled with disappearing gradients [40]. A stacked bi-directional LSTM for
sarcasm detection showed promising accuracy but faced overfitting and gradient issues [41].

This study introduces the AM-Bi-LSTM (Adaptive Multi-modal Bidirectional Long Short-Term
Memory) network for sequential recommendation modality detection, using bidirectional LSTM
to capture multi-modal features and user activities. With a dataset of 14,941 hits from a Japanese
teacher’s website, a modality attention module enhances suggestion diversity and accuracy, achieving
a recall of 0.1105 compared to early-fusion methods [42]. Another model, FDSA-CL (Feature-
level Deeper Self-Attention Network with Contrastive Learning), uses vanilla attention and self-
attention blocks for feature transitions in sequential recommendation, proving more effective than
previous approaches on real-world datasets [43]. To improve user satisfaction, a GRU-based deep
learning recommendation model was introduced to combat overfitting and enhance feature extraction
through attention processes [44]. Tested on Amazon and MovieLens datasets, it showed improved
personalization with variable-length mini-batch allocation. Another approach incorporated browsing
duration data and adapted the GRU network to changing user interests, achieving RMSE (Root Mean
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Squared Error) of 0.7257 and 0.7869, and MAE (Mean Absolute Error) of 0.5147 and 0.5893, on the
Criteo and MovieLens-1M datasets, respectively [45].

Recent advancements in recommendation systems have introduced various innovative models to
enhance accuracy and address challenges such as data sparsity, cold starts, and privacy concerns. The
FedKGRec model incorporates knowledge graphs (KG) and local differential privacy to safeguard
user data, outperforming federated methods in AUC, ACC, and F1 metrics [46]. A contrastive
learning-based approach uses hierarchical learning and item relation learning to combat noise and
data sparsity in KGs, improving performance on long-tail datasets [47]. GSRec, a combination of
Graph Convolutional Networks (GCN) and Transformers, addresses sequence length limitations
and demonstrates superior results on six datasets [48]. The DFM-GCN (DeepFM Graph Convolu-
tional Network) model enhances click-through rate (CTR) predictions by integrating DeepFM and
GCN, achieving state-of-the-art results on public datasets [49]. Variational autoencoders introduce
stochasticity in collaborative filtering, improving latent space representation [50], while the KGG
model fuses local and global user interest features for better KG-based recommendations [51]. CF-
MGAN (Collaborative filtering with metadata-aware generative adversarial networks), a GAN-based
framework, leverages metadata to improve collaborative filtering and prevent biased ratings [52].
Additionally, a Bidirectional Encoder Representations from Transformers (BERT)-based recommen-
dation system is designed for eBay to address data privacy and scalability issues [53], and a combined
sentiment analysis and collaborative filtering system enhances product recommendations [54]. Finally,
a Transformer model that integrates utility matrix and textual data outperforms traditional models like
MLP (Multilayer Perceptron) and SVD (Single Value Decomposition) in improving recommendation
accuracy [55].

The developments in Self-Supervised Learning (SSL) on recommender systems have significantly
improved accuracy while addressing key challenges like data sparsity, cold starts, and privacy concerns.
Models like FedKGRec [46] leverage knowledge graphs and SSL-based local differential privacy
to outperform traditional federated approaches in evaluation metrics, while contrastive learning
techniques mitigate noise and enhance performance on long-tail datasets. GSRec, combining GCNs
(Graph Convolutional Networks) and self-supervised Transformers, handles sequence length limita-
tions effectively [48]. Additionally, DFM-GCN [49] and CF-MGAN [52] utilize SSL to achieve state-
of-the-art results in click-through rate predictions and collaborative filtering, respectively, while VAEs
[50] enhance latent space representation through stochasticity. BERT-based systems [53] also integrate
SSL for privacy-sensitive applications like eBay, and sentiment analysis-driven collaborative filtering
further boosts recommendation quality. SSL-driven Transformers, incorporating utility matrix and
textual data, outperform traditional models, underscoring the power of self-supervised learning in
modern recommendation systems.

The literature review highlights gaps in sentiment analysis and recommendation systems, such as
scalability, efficiency with large datasets, cold-start problems, and sparse data issues. Current models
struggle with feature extraction, interpretability, and integrating temporal and geographical context
effectively, which are crucial for improving accuracy and user trust. Our study introduces the PAMR
model to address key gaps in recommendation systems. It combines transfer learning with Bi-GRU
networks to handle cold-start and sparsity issues by extracting meaningful features from limited data
using pre-trained models (AlexNet, GoogleNet, and ResNet-50). Advanced feature extraction through
feature fusion captures diverse and complementary information, while Bi-GRU refines features by
capturing sequential dependencies and contextual information. The model effectively handles tempo-
ral sequences with an attention mechanism, and future work may incorporate geographical context.
Transfer learning reduces computational costs and enhances generalization, leveraging knowledge
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from large-scale image recognition tasks for better performance and adaptability. These innovations
make the PAMR model a robust solution for personalized adaptive multi-product recommendations,
improving user experience and satisfaction.

3 Proposed System

The block diagram in Fig. | delineates the structured workflow of the new and innovate proposed
model for an advanced recommendation system, alongside the introduced model, herein referred
to as the Personalized Adaptive Multi-Product Recommendation System (PAMR). This system
is specifically tailored to enhance the personalization of product recommendations. PAMR is a
composite model that harnesses the analytical strengths of three transfer learning models—AlexNet,
GoogleNet, and ResNet-50—to meticulously extract attribute-specific features critical for precise
recommendation delivery. It is further refined through the application of a Bi-GRU network, which
adeptly captures the temporal sequences of user-product interactions. The inclusion of an Attention
Mechanism in the AUG-GRU (Attention mechanism-GRU) allows for selective concentration on
pivotal aspects of the data, a crucial step for accurate prediction.

Multi Product Data Denosing Information Encoding Pre-processing
Dataset

F izati Hoex Vestor Feature Extraction
eature Vectorization Embedding 2
/ Transfer Learning Models for \
Attribute Specific feature
Extraction

PAMR Model

Bi-GRU

\ [ AUG-GRU with Attention Mechanism ] /

( Performance Evaluation and Assessment b Multi-Product Recommendation ]

Figure 1: Proposed system block diagram
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The workflow is segmented into distinct phases, starting with Data Denoising to filter out noise
from the raw dataset, followed by Information Encoding, which translates the denoised data into
a format that is digestible by machine learning algorithms. Feature Vectorization is then applied,
structuring the data into feature vectors, while User Vector Embedding concurrently develops a
dense numerical representation of user profiles. These pre-processing steps set the stage for the
intricate processing through the trio of cutting-edge CNN models, each fine-tuned for specific attribute
extraction, feeding into the sophisticated sequence analysis by the Bi-GRU with attention. The
workflow reaches its apex in the Performance Evaluation and Assessment Segment, where the efficacy
of the model is rigorously tested against established benchmarks to ascertain the relevance and
precision of the recommendations. This thorough process yields the final output of Multi-Product
Recommendations, which are scrupulously tailored to the unique preferences of each user through a
confluence of deep learning methodologies and sequential pattern analysis.

Data Denoising

In the Data Denoising section, noise is defined as any irrelevant or erroneous information, includ-
ing outliers, duplicate records, and irrelevant text, which can negatively impact the recommendation
system’s performance. Missing input values are handled through imputation, or by excluding records
with a high proportion of missing data. Normalization scales data to a [0, 1] range. Text data cleansing
involves removing special characters and punctuation, lowercasing, removing stopwords, and applying
lemmatization or stemming. Image data preprocessing includes resizing to a standard dimension,
normalizing pixel values to a [0, 1] range, and enhancing images through techniques like histogram
equalization and noise filtering to ensure uniform quality and consistency for model training. By
denoising the dataset, recommendation systems can ensure that the underlying data used for training
models is clean, reliable, and representative of user preferences and product characteristics, ultimately
leading to more accurate and relevant product recommendations for users.

Information Encoding

Information encoding is the subsequent phase, and it involves converting raw item and user data
that is based on text into numeric vectors of defined length. In this stage, we employ two distinct
encoding techniques: one for user information and one for product information.

User information encoding in recommendation systems involves transforming various aspects of
user behavior, preferences, and characteristics into structured representations. This process encom-
passes encoding demographic information, historical interactions with products, social network
relationships, contextual factors like time and location, and temporal patterns. Techniques such as
numerical or categorical encoding, graph-based representations, feature engineering, and temporal
modeling are utilized to capture and encode user information effectively. Recommendation systems
are able to provide more relevant and effective suggestions by taking into consideration each user’s
preferences, actions, and contextual aspects via extensive user data encoding. Data about products is
encoded using a method called sequence-based encoding. The raw data is first turned into an x 1024-
sized stack of embeddings (E) when given an item information consisting of n words, {w,....w,}. To
mark the beginning of a text series, CLS (Classification Token) is a unique word embedding token. A
24-layered learning model takes the embeddings as input and uses them to encode E by computing 16
self-attentions per layer. The input size (n x 1024) is identical to the final encoded output size. Simply
said, the encoded output of the token is the final encoded item information.

A user’s preference may be represented in vector space by a user vector. You may usually find this
kind of graphic in user-generated material like product reviews or profiles. User vectors may also be
initialized at random if none of those pieces of information are supplied. Using user vectors to show
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similarity when several users share similar profile information or reviews is a benefit of this content-
based approach.

User Vector Embedding

User content data is necessary for the content-based method of information encoding, although
it is not always easily accessible. For example, user profiles could include difficult-to-collect private
details; user reviews can only be found in certain online spaces where users are authorized to share
their opinions on products. A possible alternative to using the given data is to employ vectors that are
produced at random. However, recommendation results from random vectors are not up to par with
content-based ones. In light of this shortcoming, we provide a new method—user vector embedding—
to improve upon item vectors used to produce user vectors at random. Our method for finding user
similarity makes use of user-item ratings (r;) and user vectors that are produced at random. The basic
premise is that users will be treated similarly if they rate the same goods with the same ratings.

Initial Random Vectors: We start with a set of randomly generated user vectors u; for each user i.
Item Vectors: Each item j in our dataset is represented by an item vector v;.

Objective: The goal is to refine the user vectors ; based on the items they have rated. Specifically,
for a given rating level ¢, we aim to minimize the following loss function:

T
elli Vj
Ja = — Iog(—) (1)
z 2 jcv=1 el(’-TVk

Here, {v,} represents the collection of all item vectors.

Gradient Computation: To optimize the user vectors, we compute the gradient of J, with respect
to u;:

a v f el
a — _ . R ’ 2
i ZJ( Vit (Zﬁl o v)) 2)

User grouping and user vector embedding are the two phases of our user vector embedding
method’s deployment. First, the number of items in R is used to establish a list of empty sets, Ia,
in the user grouping phase. The algorithm will gather all user indices and assign them to the set of Za|j|
if given a specified rating level, a. This will happen for each item j for which a rating has been assigned.
By applying the grouping method to each potential rating level, 4 = {a}, the whole set of I, = |ia]| may
be calculated.

The user vector embedding approach proceeds to the second phase as follows: The input of the
procedure consists of the entire collection of item vectors, V = {vI,...,vj,...,vN}, retrieved from the
information encoding, and the classification information, I, = |ia]. To compute J,, the algorithm
begins by randomly initializing a set of user vectors, Ua, for each grouping set indicated by a particular
rating, Ia. The computer then calculates a gradient of J, with respect to each user u;, whereby u; is the
number of users who have provided a rating for an item a. Once every piece of gradient data has
been gathered, the user interface is updated via the use of gradient descent. This approach utilizes the
aggregated gradient data, which consists of user vectors learned on all rating levels.

Feature Vectorization

This section describes how vectorization is performed using the TF-IDF technique after the
acquired customer reviews have been denoised. The TF is determined as the ratio of the number
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of repetitive words in a denoised user review to the total number of words in the user review.
Correspondingly, the IDF is the ratio of the number of customer reviews to the total number of
customer reviews with repetitive words. The mathematical expressions for the 7F and IDF are given
in Egs. (3)-(6), where the term frequency ¢ in a user review d is represented as f,(7) and the corpus of
customer reviews is denoted as D. The obtained vectors are passed to the PAMR model for product
recommendation.

_ S
TF@d) = 25T ® (3)
IDF (t,D) = In ( 1Dl ) 4)
’ |[{d e D:ted}]
TF — IDF (t,d, D) = TF (i,d) XIDF(t, D) (5)
TF — IDF' (t,d, D) = % + TF — IDF(t,d, D) (6)

Transfer learning algorithms are used to extract high-quality features from product character-
istics data. To optimize performance and reduce computational complexity, we employ AlexNet,
GoogleNet, and ResNet-50 architectures on the product dataset. The resulting output is feature maps
generated by these trained transfer learning models Fy..xe> Fooogieners A0d Freone—s0- The visuals based on
the feature maps compressed by Fieover> Fooogieners AN Fregverso-

In this paper, AlexNet, GoogleNet, and ResNet-50 are referred to as “transfer learning architec-
tures” because they leverage pre-trained models initially trained on large datasets such as ImageNet.
Transfer learning involves using these pre-trained models to transfer learned features to a new,
often smaller, dataset. This approach allows the model to apply learned representations from a large
and diverse dataset to a more specific task with limited data, significantly enhancing performance
and reducing training time. By utilizing the powerful feature extraction capabilities of these pre-
trained models, we can more effectively handle the complex and varied data encountered in the
recommendation system.

The choice of AlexNet, GoogleNet, and ResNet-50 as the pre-trained models is strategic,
considering the different strengths each model offers. AlexNet is included because of its effectiveness
in extracting essential visual features from simpler datasets. It excels at recognizing basic attributes
like shapes, colors, and textures, making it suitable for tasks requiring visual recognition. GoogleNet,
on the other hand, is known for its inception modules, which extract features at different scales,
offering a more holistic view of the product attributes. This multi-scale feature extraction is particularly
beneficial in handling complex datasets such as those involving health products, where multiple
detailed attributes need to be analyzed simultaneously. ResNet-50 stands out for its ability to perform
deep residual learning, allowing the model to go deeper without losing important information. This
makes it ideal for datasets where fine-grained, complex details are essential for accurate product
recommendations, as seen in e-commerce platforms like Flipkart.

Thus, proposed PAMR model is introduced at this stage. In the feature vectorization phase,
features are extracted from the input data F using three different pre-trained models: AlexNet,
GoogleNet, and ResNet-50. Each model extracts elevated features from the input as follows:

Apply AlexNet to F to obtain deep features F ... :
FAlexNel = Ale-XNe[ (F) (7)
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Apply GoogleNet to F to obtain deep features Fgpgene: :
FGoz)g/eNel = GOOgIeNet(F) (8)

Apply ResNet-50 to F to obtain deep features Fg,ye,so:
FR('A\'Net—S() - ReSNeZ - SO(F) (9)

Feature Fusion:

The outputs from AlexNet, GoogleNet, and ResNet-50 are combined through a weighted feature
fusion technique. This method ensures that the strengths of each pre-trained model are integrated
optimally to form a robust and comprehensive feature representation.

The features are fused to create a comprehensive feature representation Fp,,,, which leverages the
strengths of each specific model. The feature fusion process is defined as:

FFused = }"FAlexNer + (1 - )") FGoogleNet + (l - )“)FResNer—SO (10)
where A is a tunable parameter that determines the weight assigned to each model’s features.

The fusion coefficient A optimizing the parameter is crucial for achieving the optimum functioning
of the system of recommendation. The process of determining A typically involves, begin with an initial
guess for A, often set to 0.5 or based on heuristics. Perform a grid search over A values (e.g., 0 to 1 in 0.1
increments) to find the optimal balance between model features. Use cross-validation to evaluate fused
features’ performance and test the selected A on a separate set for generalization. This optimal fusion
coefficient enhances the personalized adaptive multi-product recommendation system’s performance
and robustness.

This approach balances the high-level semantic features captured by AlexNet, the multi-scale
features from GoogleNet, and the fine-grained details from ResNet-50. The fused features are then
passed through a Bidirectional Gated Recurrent Unit (Bi-GRU), which models the temporal and
sequential dependencies in user-item interactions, refining the recommendation process by focusing
on relevant data patterns. This feature fusion process allows the system to handle challenges such as
cold starts and sparse data effectively, resulting in more accurate and personalized recommendations
across different product categories.

This study optimizes the GRU model, reduces the overfitting and accurately and efficiently
extracts features from user data using the attention mechanism module. The goal is to attain efficient
and accurate user custom-made recommendation by improving the recommendation algorithm’s
performance. At now, the GRU determines the hidden layer output g, by using the input r, and the
hidden layer output g, , from earlier in time. Eqgs. (11)—(14) demonstrate the update of the GRU
network’s internal unit, which consists of simply an update gate u, and a reset gate v,, The GRU
network’s internal unit structure is, nevertheless, rather basic.

Vt=o(e,.[g-1,7.] (11)
u; = o(e,.[g-1,1) (12)
gz = Tanh (Wg-[Vz * &1 Vz]) (13)

8 = (1 _ur)*gr—l +ur*gr (14)
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The sigmoid function, often used in binary classification, includes a weight matrix w and an
activation function o. Adjusting the update gate u, regulates the amount of prior state information
added to the current state, with a higher value adding more information. The reset gate v, controls
the previous state information is written into the current state’s candidate set d,, with a lower value
indicating less information is added.

As time goes on and the outside world exerts its constant pull, so do people’s interests and hobbies.
Users’ interests and hobbies tend to cluster around certain times as well. Hence, relying just on the
initial one-layer GRU is insufficient for simulating this shift in user interest.

By using the auxiliary loss function, the data extraction layer may extract the expression of interest
features from the user interaction sequence. A layer of GRU must be added to the initial GRU network
in to represent the learning of evolution and the attentiveness of user attention. Incorporating GRU’s
sequence learning capabilities with the attention mechanism’s local activation ability allows us to
model interest evolution as it actually occurs, with local activation performance simulating interest
concentration and mitigating the effect of irrelevant interest on the model’s output.

The attention ¢, calculation method is illustrated in Eq. (15), where s, is the sum of the candidate
goods’ embedding vectors, ¢ is the model parameter matrix, ¢ € R "¢ where nG is the hidden layer
dimension size, and nQ is the dimension size of the candidate goods’ embedding vectors. The attention
¢, value can represent the association among the contender goods and the input r, .

exp (r,csq)

9@ =——" (15)
> exp (r,-csq)

This research integrates the attention mechanism with the update gate in a GRU, creating the
AUG-GRU to address dimension disparities often overlooked by using attention scores for state
updates. To minimize the effect of irrelevant input on the model, the update gate in the suggested
AUG-GRU network keeps the original input’s dimensional information and scales the attention score
to all the dimensions of the update gate. To rephrase, AUG-GRU is able to facilitate the model’s
interest extraction in a more seamless manner and more effectively prevent interference caused by
abrupt changes in interest, Eqgs. (16) and (17) illustrate the transformation of AUG-GRU into GRU,
with u, representing the original GRU’s update gate, u, denoting the redesigned AUG-GRU’s update
gate, and g/, and g’,_, denoting the hidden layer states of AUG-GRU.

U =q,*u, (16)

g=0-u).g  +uxg (17)

The utilization of a GRU to extract user sequence interest is the most significant enhancement
of the suggested model when contrasted with the conventional recommendation system model. While
doing so, we guarantee the correct extraction of users’ sequence characteristics by using a variant GRU
structure with an attention mechanism, which allows us to better adjust to the trend of users’ interests
as they evolve.

3.1 Proposed Model Architecture

This nomenclature is presented in Fig. 2, which combines transfer learned features with GRU
based recommendations and is specifically designed for personalized product recommendation in
a multi-product environment. Fig. 2 illustrates a multi-stage deep learning architecture for product
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recommendation, starting with input features that undergo initial processing through three prominent
convolutional neural networks—AlexNet, GoogleNet, and ResNet-50—each designed to extract
complex attribute-specific features from data.

!

AlexNet ("' A
D [
r <
Attribute o ; .
specific == GoogleNet | mmp © | mmp E’ =) Bi- =) Bi- == Product .
. r v GRU GRU Recommendation
JSeatures s 2
5
Q
ResNet-50 “

N

Figure 2: Proposed model architecture multi-product recommendation system

The proposed PAMR model utilizes three prominent convolutional neural networks—AlexNet,
GoogleNet, and ResNet-50. These networks serve specific roles within the overall architecture, primar-
ily focusing on efficient feature extraction from the dataset to enhance recommendation accuracy. In
the PAMR model, AlexNet captures essential visual features, GoogleNet’s inception modules extract
diverse multi-scale features, and ResNet-50 captures fine-grained details with its deep residual learning,
enhancing the recommendation system’s ability to differentiate items and understand complex product
relationships.

In the Personalized Adaptive Multi-Product Recommendation System (PAMR), specific layers
from AlexNet, GoogleNet, and ResNet-50 are utilized for feature extraction. For AlexNet, the fc7
layer, a fully connected layer, is employed. This layer is chosen because it captures high-level semantic
information, which is crucial for recognizing essential product attributes like color and shape in large-
scale datasets. The GoogleNet model uses the last inception layer before classification. GoogleNet’s
inception modules capture features at multiple scales, allowing the model to analyze diverse product
characteristics simultaneously, making it ideal for complex datasets. Lastly, ResNet-50 utilizes the
average pooling layer (avg_pool), which extracts fine-grained details and ensures that the deeper layers
maintain important representational power, especially in handling complex product interactions.

The features extracted by AlexNet, GoogleNet, and ResNet-50 are then fused to form a compre-
hensive feature representation. This fusion process, as described in Eq. (10), combines the strengths
of each network, allowing the PAMR model to leverage a rich set of features for more accurate
recommendations. The concatenated feature vector is then fed onto a bidirectional gated recurrent unit
(Bi-GRU) the system, which captures both the spatial and sequential dependencies in the interactions
between the user and the object. A technique of attention is used to direct emphasis towards the most
relevant characteristics of the GRU outputs. The context vector, denoted as ¢, is used to generate
the ultimate prediction. The output layer generates the suggested goods by using the processed
characteristics:

y=0Wrc+b,) (18)

where ¢ is the activation function, W, are the weights, and b, is the bias term. These advanced
convolutional neural networks for feature extraction, the PAMR model meritoriously addresses the
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challenges of data sparsity and cold starts, providing a robust and scalable solution for personalized
adaptive multi-product recommendations.

Bi-GRU Parameters and Configuration:

The Bidirectional Gated Recurrent Unit (Bi-GRU) in the PAMR model is crucial for capturing
both spatial and sequential dependencies in user-product interactions. Its bidirectional nature allows
it to access information from both past and future interactions, which enhances its ability to model
the temporal evolution of user preferences over time. In terms of configuration, the hidden layer size
for the Bi-GRU is typically set between 128 to 256 units, which balances computational efficiency
and accuracy. The model uses two layers of Bi-GRU to capture both short-term and long-term
dependencies in user interactions. Additionally, dropout is applied with a rate of 0.5 to prevent
overfitting and ensure generalization. The Adam optimizer, with a learning rate of 0.001, is used for
training the Bi-GRU, allowing it to converge quickly while maintaining high accuracy.

Attention Update Gate (AUG) Mechanism:

The Attention Update Gate (AUG) mechanism plays a vital role in enhancing the feature
extraction process within the Bi-GRU framework. The AUG mechanism is integrated to ensure
that the model focuses on the most relevant features from user-product interactions, addressing the
challenge of noisy or irrelevant data. The attention mechanism works by assigning attention scores
using a context vector C that weights the outputs of the Bi-GRU. The softmax function ensures that
these attention scores are normalized, allowing the model to focus on the most significant features.
The AUG mechanism modifies the update gate of the GRU, adjusting the amount of information
retained or discarded based on the attention scores. This ensures that the most important information
is kept in the current state while irrelevant features are minimized, thereby improving the model’s
overall learning efficiency.

Optimization during Training:

The optimization process for both the Bi-GRU and the AUG mechanism is essential for improving
the model’s accuracy. The PAMR model uses cross-entropy loss and focal loss functions to handle
class imbalances, which are common in real-world datasets. During training, backpropagation through
time (BPTT) is used to update the weights of the Bi-GRU and adjust the attention scores. To prevent
overfitting, the model employs early stopping, ensuring that training halts when the validation loss no
longer improves. Additionally, regularization techniques like L2 weight decay are applied to the GRU
layers to maintain the model’s generalization ability, and gradient clipping is used to prevent exploding
gradients, ensuring stable training even with deep architectures.

The combination of the Bi-GRU’s ability to model sequential data and the attention mechanism’s
capability to focus on relevant information leads to significant improvements in recommendation
accuracy. By optimizing the attention scores and refining the update gate mechanism through the
AUG-GRU framework, the model becomes highly efficient at handling noisy, high-dimensional
datasets often encountered in real-world e-commerce systems. The result is a system that delivers highly
accurate recommendations, as evidenced by the high precision, recall, and F1-scores achieved across
various datasets. The PAMR model’s ability to adapt to different user behaviors and product categories
demonstrates its robustness and effectiveness in e-commerce recommendation systems.

Sequence Modeling and Recommendation:

For sequential and temporal modeling, a Bidirectional Gated Recurrent Unit (Bi-GRU) is used.
The bidirectional structure of the GRU allows the network to access both past and future context,
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which is especially useful when dealing with time-sequenced data or when the input order is relevant
to the output:

e Bi-GRU layers capture sequential patterns and dependencies in the data. Gated Recurrent Units
are a variant of recurrent neural networks that are particularly good at preserving long-term
dependencies and mitigating the vanishing gradient problem thanks to their gating mechanisms.

e AUG-GRU could suggest an ‘Augmented GRU’ or an ‘Attention-based GRU’. It is not a
standard term, so it would likely refer to a GRU that has been enhanced with either additional
data augmentation techniques or an attention mechanism to improve the model’s focus on
relevant features for prediction.

3.2 Proposed Model Algorithm

The PAMR (Personalized Adaptive Multi-Product Recommendation) algorithm described in
Algorithm 1, leverages the strengths of multiple transfer learning architectures (AlexNet, GoogleNet,
and ResNet-50) combined with a Bi-GRU (Bidirectional Gated Recurrent Unit) with an attention
mechanism. This approach is designed to excel in multi-product recommendations by extracting and
fusing high-level features, which are then processed to generate accurate recommendations.

Algorithm 1: PAMR model
% Step 1: Initialize PAMR
% Load pre-trained AlexNet, GoogleNet, and ResNet-50 models from Deep Learning Toolbox
alexNetModel = alexnet;
googleNetModel = googlenet;
resNetModel = resnet50;
% Prepare a GRU-based sequence model-Initialize with default parameters or custom settings
gruModel = []; % Placeholder for the actual GRU model initialization
% Step 2. Input Preprocessing
% For each product input.
for i = I:numProducts
input Attributes = loadProduct Attributes(attribute Paths{i}); % Load attribute data
% Process attributes for model input requirements
processedAttributes = preprocessAttributes(inputAttributes);
% Step 3: Feature Extraction with CNNs
alexNetFeatures = activations(alexNetModel, processedAttributes, ‘fc7’); % Feature extraction from
AlexNet
googleNetFeatures = activations(googleNet Model, processedAttributes, ‘last’); % Last layer before
classification in Google Net
resNetFeatures = activations(resNetModel, processedAttributes, ‘avg_pool’); % Average pooling layer
in ResNet-50
% Step 4. Feature Fusion
combinedFeatures = fuseFeatures(alexNetFeatures, googleNetFeatures, resNetFeatures); % Fuse
features from all three CNNs
% Step 5: Sequence Processing with GRU
sequence Qutput = processSequence(gruModel, combinedFeatures); % Process combined features with
the GRU model

(Continued)
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Algorithm 1 (continued)

% Prepare data for product recommendation-features and corresponding product scores or
classifications

SfeatureMatrix (i, :) = sequenceOutput; % Assuming each row is a feature vector

scoreVector(i) = productScores(i); %o Assuming you have a corresponding score or classification for
each product

end

% Step 6. Product Recommendation with Sequence Model

% Train the GRU sequence model with the combined features and product scores

gruModel = trainSequence Model(feature Matrix, scoreVector);

% Step 7: Recommendation Generation

% For each new set of product attributes, repeat Steps 2-5 to obtain the feature vector

% Then, use the trained sequence model to predict recommended products

recommendedProducts = predict(gruModel, newFeature Matrix ),

% newFeature Matrix obtained similarly to feature Matrix

% Step 8: Output Interpretation

% Analyze recommendedProducts to generate a list of product recommendations

% Present recommendations to the user or further refine the list based on additional user feedback.

4 Results and Analysis

Google’s Tensorflow, a deep learning platform, is used for building the PAMR model, which is
then tested for performance. The Tensorflow framework may simplify development by integrating
models like GRU. In Table 1, we can see the exact setup of the experimental setting.

Table 1: Computing environment for experimental research

CPU Intel 15
GPU P-100
RAM 16 GB
Language Python
Platform Tensorflow

The Personalized Adaptive Multi-Product Recommendation (PAMR) model was evaluated on
Amazon, Flipkart, and a specialized Health Product dataset. This model contains hyperparameter
settings which was trained for 30 epochs using the Adam optimizer with a learning rate of 0.001,
a batch size of 32, and a dropout rate of 0.5. Regularization methods, including weight decay and
L2, were applied, with data shuffling enabled. Model checkpointing callbacks were used, and cross-
entropy loss and focal loss served as the loss functions. Softmax was employed as the activation
function, ensuring consistent comparison across datasets.

In the study on the PAMR model, evaluate the model’s performance in terms of accuracy and
loss. The PAMR model was trained with consistent network parameter settings, including 30 training
epochs, the Adam optimizer with a learning rate of 0.001, a batch size of 32, and a dropout rate of 0.50.
Regularization techniques such as weight decay and L2 were employed, with data shuffling enabled.
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Callback mechanisms were activated for model checkpointing, and the loss functions used were cross-
entropy loss and focal loss. The softmax function served as the activation function. This setup ensured
a robust and fair comparison of the model’s effectiveness across various datasets.

4.1 Dataset Description

In our study, we utilized three extensive datasets from Amazon, Flipkart, and a specialized Health
Product dataset. The Amazon dataset includes over 1.4 million products and 233.1 million reviews with
ratings, prices, and sales data up to September 2023 [56]. The Flipkart dataset details around 21,889
health-related products, including names, prices, MRPs (Material Requirement Planning), discounts,
and customer ratings [57]. The Health Product dataset includes reviews and ratings for 20,726 items,
covering nutritional supplements and medical equipment, segmented into medical and fitness-related
products [57]. These datasets are crucial for training and validating the PAMR model, ensuring its
adaptability to diverse e-commerce environments and user preferences. Preprocessing involved noise
reduction, normalization, and text vectorization to ensure high data quality. The scale and variety
of these datasets enable robust testing of the model across different product types and consumer
interactions, providing a solid foundation for evaluating its precision, adaptability, and effectiveness
in enhancing personalized recommendations.

4.2 Performance Assessment

The proposed work’s performance is assessed using accuracy, recall, precision, and F1-score
metrics, offering a multifaceted view of model effectiveness. Accuracy reflects overall correctness, recall
measures the model’s ability to identify true positives, precision focuses on minimizing false positives,
and the F1-score harmonically combines precision and recall for a balanced performance indicator.
The accuracy, recall, precision and F1-score metrics [57] in the proposed work can be computed using
the succeeding

(TP+1TN)
Accuracy = (19)
(TP+ TN + FP+ FN)
TP
Recall = ———— (20)
TP+ FN
TP
Precision = ———— (21)
(TN + FP)
F1 — score — 2 % (Pr?c‘ision * Recall) (22)
(Precision + Recall)

Here, TP represents True Positive, TN represents True Negative, FP represents False Positive,
whereas FN represents False Negative (not identified).

4.3 Performance on Amazon Dataset

The performance of various models on the Amazon dataset, as outlined in the Table 2, reveals that
the AlexNet-Bi-GRU model outperforms the others with an impressive accuracy of 96.9%, precision
of 96.2%, recall of 95.9%, and an Fl-score of 96.97. This model demonstrates the highest overall
effectiveness in correctly predicting and classifying instances within the dataset, combining a superior
ability to identify relevant instances (high recall) with a remarkable precision that minimizes false pos-
itives. The GoogleNet-Bi-GRU and ResNet-50-Bi-GRU models follow in performance, showcasing
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commendable results but not reaching the high benchmark set by the AlexNet-Bi-GRU model. The
excellence in both precision and recall, balanced effectively with the highest F1-score, underscores
the AlexNet-Bi-GRU model’s superior capability in handling the Amazon dataset, making it the best
performing model in this assessment. When a fusion of models is applied on feature extraction, then
model accuracy is enhanced to 97.1%.

Table 2: PAMR model performance on Amazon dataset

Model Accuracy (%) Precision (%) Recall (%) F1-score (%)
AlexNet-Bi-GRU 96.9 96.2 95.9 96.97
GoogleNet-Bi-GRU 94.6 94.3 94.8 94.55
ResNet-50-Bi-GRU 95.8 95.82 95.71 95.77

Fig. 3 illustrates the training process of the PAMR model on the Amazon dataset, charting
accuracy and loss over approximately 30 epochs. Initially, there is a rapid increase in training and
validation accuracy and a sharp decrease in loss, indicative of significant learning. As the epochs
progress, both accuracy metrics plateau, reflecting a stabilization of learning, while the loss metrics
level off with a slight uptick in validation loss, hinting at potential overfitting. This trend suggests
that the model has reached its optimal learning capacity within the given dataset, achieving a balance
between understanding the training data and generalizing to new, unseen data.
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Figure 3: Performance of accuracy (%) and loss function of the PAMR model on Amazon dataset for
product recommendation

4.4 Performance on Health Product Dataset

Table 3 presents the performance of three PAMR models on the Health Product Dataset: AlexNet-
Bi-GRU, GoogleNet-Bi-GRU, and ResNet-50-Bi-GRU. GoogleNet-Bi-GRU is the top performer
with 96.25% accuracy, 95% precision, 97.5% recall, and a 96.22% F1-score. AlexNet-Bi-GRU achieves
95% accuracy but has lower precision (89%), recall (87%), and F1-score (88.42%). ResNet-50-Bi-GRU
shows consistent performance with 94.6% accuracy, 94.3% precision, 94.8% recall, and a 94.55% F1-
score. GoogleNet-Bi-GRU is the most effective model, and model fusion enhances accuracy to 96.8%.
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Table 3: PAMR model performance on Health Product dataset

Model Accuracy (%) Precision (%) Recall (%) F1-score (%)
AlexNet-Bi-GRU 95.0 89.0 87.0 88.42
GoogleNet-Bi-GRU 96.25 95.0 97.5 96.22
ResNet-50-Bi-GRU 94.6 94.3 94.8 94.55

Fig. 4, compares the performance of three PAMR models—AlexNet-Bi-GRU, GoogleNet-Bi-
GRU, and ResNet-50-Bi-GRU—on the Health Product dataset, using the metrics of performance
metrics. It illustrates that the GoogleNet-Bi-GRU model achieves the highest recall and a competitive
Fl-score, suggesting it is particularly adept at identifying relevant instances without compromising
balance between precision and recall. Although the ResNet-50-Bi-GRU doesn’t lead in any individual
category, it shows consistently high performance across all metrics, which indicates robust overall
performance. In contrast, the AlexNet-Bi-GRU, while offering commendable recall, lags in precision,
which affects its F1-score. Consequently, GoogleNet-Bi-GRU and ResNet-50-Bi-GRU appear to be
more effective for this dataset, with GoogleNet-Bi-GRU slightly edging out in terms of recall and
Fl-score.
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Figure 4: PAMR model performance on Health Product dataset

4.5 Performance on Flipkart Health Dataset

Table 4 compares the performance of three PAMR models on the Flipkart Health dataset,
focusing on performance metrics. ResNet-50-Bi-GRU attains the premier accuracy (95.79%), precision
(95.82%), and Fl-score (95.77%), making it the most effective model. GoogleNet-Bi-GRU also
performs well with an accuracy of 92.81%, precision of 93.19%, and F1-score of 92.02%. AlexNet-
Bi-GRU, while having the highest recall (94%), lags in accuracy (91%) and precision (89%), resulting
in an Fl-score of 91.87%. When feature extraction models are fused, the overall accuracy improves to
96.1%, highlighting the advantage of model fusion.
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Table 4: PAMR model performance on Flipkart Health dataset

Model Accuracy (%) Precision (%) Recall (%) F1-score (%)
AlexNet-Bi-GRU 91.0 89.0 94.0 91.87
GoogleNet-Bi-GRU 92.81 93.19 92.85 92.02
ResNet-50-Bi-GRU 95.79 95.82 95.71 95.77

The provided Fig. 5 compares the performance of the AlexNet-Bi-GRU, GoogleNet-Bi-GRU, and
ResNet-50-Bi-GRU models on the Flipkart Health dataset across key performance metrics. ResNet-
50-Bi-GRU leads in all categories, showcasing its superiority with the highest marks in accuracy,
precision, and F1-score, indicating its excellent overall performance. GoogleNet-Bi-GRU also shows
robust results with a slightly lower accuracy and Fl-score than ResNet-50-Bi-GRU, but still above
the AlexNet-Bi-GRU model, which has the lowest performance in accuracy and precision but not in
recall. This suggests that while AlexNet-Bi-GRU is slightly better at identifying all relevant cases, it
does not match the precision and overall accuracy of the ResNet-50-Bi-GRU model, making the latter
the best performing model on the Flipkart Health dataset as per the chart.

PAMR Model Performance on Flipkart Health Dataset
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Figure 5: PAMR model performance on Flipkart dataset

To understand the impact of each module in the PAMR model, we conducted an ablation study
detailed in Table 5. This study systematically removes or alters key components and observes the
resulting changes in performance metrics. The components analyzed include the transfer learning
models (AlexNet, GoogleNet, ResNet-50), the feature fusion process, and the Bi-GRU with an
attention mechanism.

Table 5: Ablation study of the PAMR model

Model variant Accuracy (%) Precision (%) Recall (%) F1-score (%)
Base Model (BM) 84.5 84.1 84.3 84.2
AlexNet-Bi-GRU (AN) 90.3 90.0 90.5 90.25

(Continued)
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Table 5 (continued)

Model variant Accuracy (%) Precision (%) Recall (%) F1-score (%)
GoogleNet-Bi-GRU (GN) 92.1 91.8 92.3 92.05
ResNet-50-Bi-GRU (RN) 93.4 93.1 93.6 93.35
PAMR-woFF 94.2 93.9 94.4 94.15
PAMR-woA(tt 95.6 95.3 95.8 95.55
Full PAMR 96.9 96.2 96.5 96.97

The analysis shows that the base model with only Bi-GRU (BM) performs the lowest, emphasizing
the need for transfer learning models. Each transfer learning model (AN, GN, RN) significantly
improves performance, with ResNet-50 (RN) yielding the highest improvement. The PAMR-woFF
variant’s performance drop compared to the full PAMR model highlights the importance of feature
fusion from multiple transfer learning models. The PAMR-woAtt variant’s reduced performance
underscores the crucial role of the attention mechanism in Bi-GRU. Overall, the full PAMR model
outperforms all variants, validating the integration of transfer learning, feature fusion, and the
attention mechanism within the Bi-GRU framework. This ablation study provides insights into the
specific impact and importance of each component in the PAMR model, confirming that each element
contributes significantly to the model’s superior performance.

4.6 Performance Comparison with the Existing Studies

Table 6 provides a performance comparison of various models on an unspecified dataset, ranked
by accuracy. Among the models, the GoogleNet-Bi-GRU stands out with the highest accuracy of
96.25%, closely followed by the AlexNet-Bi-GRU at 95%. The ResNet-50-Bi-LSTM model also
demonstrates robust presentation with an accuracy of 93%. These models outperform the more
traditional LSTM-based networks (AlexNet-LSTM, GoogleNet-LSTM, ResNet-50-LSTM) and their
bidirectional counterparts (AlexNet-Bi-LSTM, GoogleNet-Bi-LSTM), indicating the potential ben-
efits of GRU cells over LSTM cells in these configurations. Additionally, the models surpass the
W-RNN, i-SVM (support vector machines), Neural Collaborative Filtering (NCF), Graph Neural
Networks (GNNRec), Attention-based Deep Learning (ADPR), Variational Autoencoders (VAE-CF)
and BERT4Rec (Transformer-based) models, which show the W-RNN;, i-SVM at lower accuracies at
91.46% and 92.7% respectively, further suggesting the superiority of the PAMR models that use Bi-
GRU units for this specific task.

Table 6: Performance comparison of PAMR with existing models on Amazon Product dataset

Model Accuracy (%)
AlexNet-LSTM [57] 86.23
GoogleNet-LSTM [57] 87.13
ResNet-50-LSTM [57] 88.12
AlexNet-Bi-LSTM [57] 84.62
GoogleNet-Bi-LSTM [57] 88.5

(Continued)
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Table 6 (continued)

Model Accuracy (%)
ResNet-50-Bi-LSTM [57] 93
AlexNet-Bi-GRU 95
GoogleNet-Bi-GRU 96.25
ResNet-50-Bi-GRU 94.6
W-RNN [58] 91.46
i-SVM [59] 92.7
Neural Collaborative Filtering (NCF) [25] 93.1
Graph Neural Networks (GNNRec) [60] 94.3
Attention-based Deep Learning (ADPR) [27] 95.2
Variational Autoencoders (VAE-CF) [61] 92.8
BERT4Rec (Transformer-based) [62] 96.3

In our proposed PAMR model, we have presented an explicit performance evaluation with
contemporary literature on product recommendation under Table 5. A detailed comparative analysis
of the PAMR model against various baseline models using the Health Product dataset. This dataset
was chosen for its relevance and the rigorous challenge it poses due to its diverse and extensive
data attributes, which are ideal for testing the robustness and efficacy of our recommendation
system. It is important to note that we opted not to use large language models (LLMs) in our
comparisons due to their extensive resource requirements and our focus on more computationally
efficient solutions suitable for real-time e-commerce environments. Instead, our baselines include
other sophisticated models such as GoogleNet-Bi-GRU and ResNet-50-Bi-GRU, which are more
comparable in terms of computational efficiency and are currently considered advanced in the field of
product recommendation systems.

The baseline comparison was conducted directly on the same datasets to ensure a fair and accurate
assessment. Each model was evaluated based on performance metrics that comprehensively reflect
the performance in a real-world application scenario. The PAMR model demonstrated superior
performance across these metrics, confirming its effectiveness and the innovative integration of Bi-
GRU and transfer learning techniques.

State-of-the-art collaborative filtering (CF) models such as Neural Collaborative Filtering (NCF),
Variational Autoencoders (VAEs), matrix factorization with side information, Graph Neural Net-
works for Collaborative Filtering (GNNRec), and hybrid approaches provide robust solutions for
handling sparse and noisy data in recommendation systems. NCF uses deep learning techniques to
model complex user-item interactions and typically achieves an accuracy of around 93.1% on standard
recommendation datasets. VAEs introduce stochasticity in the latent space to generalize better and
handle noisy, sparse datasets, with reported accuracy levels of 92.8%. Matrix factorization models
augmented with side information incorporate user and item metadata to enhance predictions, filling
gaps left by sparse data, and can reach an accuracy of 93%. GNNRec models user-item interactions as
graphs, effectively capturing higher-order dependencies, and showing superior performance with an
accuracy of 94.3%, especially in sparse data environments. Hybrid approaches combine collaborative
filtering with content-based or context-aware methods, enriching user-item matrices with additional
information such as text reviews, and can achieve accuracy levels of around 95.2%. These advanced
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models significantly address data sparsity and noise challenges, offering valuable insights that could
further enhance the performance of the PAMR system.

This approach not only adheres to the comparative standards typically expected in contemporary
computational research but also highlights the specific advantages of PAMR in handling large,
complex datasets typical of modern e-commerce platforms. These details underscore the advancements
our model introduces to the domain of personalized product recommendations.

4.7 Discussion

The research presents a comparative analysis of different models, focusing on the PAMR
(Personalized Adaptive Multi-Product Recommendation System) across Amazon, Health Product,
and Flipkart Health datasets. AlexNet-Bi-GRU excels on the Amazon dataset with 96.9% accuracy
and a 96.97% F1-score. GoogleNet-Bi-GRU leads on the Health Product dataset, achieving 96.25%
accuracy and a 96.22% F1-score, while ResNet-50-Bi-GRU performs best on the Flipkart Health
dataset with 95.79% accuracy and a 95.77% F1-score. GoogleNet-Bi-GRU shows the highest overall
accuracy (96.25%), followed by AlexNet-Bi-GRU (95%) and ResNet-50-Bi-GRU (94.6%). These
PAMR models, particularly those using Bi-GRU units, outperform traditional LSTM-based networks,
highlighting the effectiveness of Bi-GRU for recommendation systems. Our research enhances the
theoretical foundation of machine learning in e-commerce by demonstrating the effectiveness of
integrating transfer learning with Bi-GRU architectures. The PAMR model dynamically adapts to
user preferences and diverse products, outperforming traditional models that often miss temporal
and complex user behavior patterns. Incorporating an Attention Update Gate-GRU (AUG-GRU)
with an attention mechanism refines our model’s focus on relevant features, crucial for personalized
recommendations. This extends current deep learning theories, emphasizing context-aware, adaptable
models. Practically, the PAMR model significantly improves accuracy and adaptability in e-commerce
recommendation systems, achieving up to 96.9% accuracy and a high Fl-score on datasets from
Amazon and Flipkart. Its robustness across product categories and capacity to handle large e-
commerce platforms aim to enhance its recommendation engines and boost customer satisfaction.
Unlike many current systems that rely on filtering methods, our approach utilizes a sophisticated
machine learning architecture that learns from vast and varied data inputs. The practical success of the
PAMR model in surpassing traditional LSTM-based models and its capability to outperform other
contemporary algorithms also underscore its novelty. This is not only a technical improvement but
also a methodological shift that could influence future designs of recommendation systems.

The distinct performances of the model variants (AlexNet-Bi-GRU, GoogleNet-Bi-GRU, and
ResNet-50-Bi-GRU) on different datasets can be attributed to the unique strengths of each model
architecture in handling the characteristics of the respective datasets. AlexNet, with its relatively
simpler architecture, excels at capturing essential visual features, making it highly effective for the
Amazon dataset, which includes a vast and varied product catalog, achieving high accuracy and F1-
scores. On the other hand, GoogleNet, known for its inception modules and ability to capture multi-
scale features, performs best on the Health Product dataset, which likely requires more precision
in identifying intricate product attributes. ResNet-50, with its deep residual learning capabilities,
is particularly effective at handling the complex patterns in the Flipkart Health dataset, offering
superior accuracy and balanced performance. These performances are also influenced by the nature
of the product categories, data sparsity, and the inherent complexity of each dataset. Furthermore,
the integration of Bi-GRU across all variants enables the models to capture both spatial and
sequential dependencies, contributing to their overall effectiveness. The diverse strengths of each
model architecture are reflected in their optimal performance on specific datasets, highlighting the
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importance of matching model architecture to dataset characteristics for improved recommendation
accuracy.

5 Conclusions

In conclusion, the study introduces the PAMR model, a combination method that combines
transfer learning and Bidirectional Gated Recurrent Units (Bi-GRU). Its goal is to improve per-
sonalized and flexible multi-product recommendation systems in the rapidly growing e-commerce
market. The PAMR model has great performance metrics, as shown by its accuracy of 96.9%,
precision of 96.2%, and impressive F1-score of 96.97% on the Amazon dataset. These metrics were
measured across a wide range of datasets from well-known platforms like Amazon and Flipkart.
Additionally, GoogleNet-Bi-GRU and ResNet-50-Bi-GRU work very well on the Health Product and
Flipkart datasets, respectively, which makes the proposed model even more flexible and accurate. As
a future research endeavor, we could focus on further enhancing the PAMR model’s capabilities and
addressing existing challenges. There is a need to delve deeper into enhancing personalization within
recommendation systems by integrating advanced techniques such as user behavior analysis, context-
aware recommendations, and robust user feedback mechanisms.
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