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ABSTRACT 
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Due to the faster development of e-commerce platform, the information overload can be considered 
overbearing, which allows promoting the need of the personalized recommendation systems that can 
provide the most precise and context-oriented product recommendations. Despite the showed strong 
predictive performance of deep learning techniques in comparison to the traditional method of 
recommendation, the current survey studies tend to offer partial analysis, constrained methodology, or out 
of date scopes that do not represent in detail the recent advances in architectures. The current investigation 
is a systematic review of e-commerce personalized recommendation systems based on deep learning, 
formulated in IEEE style, and summarizing the works published since 2018. Having used a structured 
literature selection protocol in the context of the large scholarly databases, the thematic classification and 
comparative analysis of convolutional neural networks, recurrent and sequential networks, Transformer-
based models, graph neural networks, and hybrid models were conducted. The analysis discusses these 
methods in various aspects such as prediction accuracy, scalability, interpretability, sensitivity to data 
sparsity, fairness factor, and deployment practicability. The results suggest that deep learning models are 
always superior to traditional methods that model more and intricate user-item interactions and fusion 
with multi-modal data sources. Nonetheless, Explainability, cold-start treatment, and computability 
efficiency and ethical transparency continue to be problematic. The main contribution of the review is that 
it forms the coherent analytical framework, which consolidates the latest achievements, sets the trade-offs 
that are yet to be resolved, and outlines the research directions in terms of explainable, data-efficient, fair, 
and trustworthy recommenders at the next-generation e-commerce platforms. 
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INTRODUCTION 

1.1 Background and Context 

The rapid expansion of digital commerce has significantly increased the volume and diversity of products 
available to consumers, intensifying the challenge of information overload. In large-scale online 
marketplaces, users are often confronted with thousands or even millions of options, making efficient 
decision-making increasingly complex. Personalized recommendation systems have emerged as a critical 
solution to this problem by filtering vast product spaces and presenting items aligned with individual 
preferences, contextual signals, and historical behaviors. 

By leveraging user interaction data—including browsing patterns, purchase histories, ratings, and implicit 
feedback—recommender systems enable platforms to deliver targeted content that enhances perceived 
relevance and decision efficiency. Empirical evidence demonstrates that effective recommendation 
mechanisms improve user satisfaction, increase conversion rates, and raise average order values, thereby 
becoming indispensable components of modern e-commerce infrastructures (Wang et al., 2021). 

Beyond user experience enhancement, personalized recommendation systems function as strategic tools 
for business optimization. They support long-term customer retention through continuous preference 
adaptation while facilitating cross-selling, upselling, and long-tail product exposure. In large-scale 
environments, recommendations influence a substantial proportion of product views, clicks, and 



purchases, directly affecting revenue streams and customer lifetime value. Consequently, the effectiveness 
of recommendation algorithms is closely tied to platform competitiveness and sustainable growth. 

However, the increasing scale and heterogeneity of user–item interactions present significant challenges. 
Sparse feedback matrices, rapidly evolving user preferences, cold-start conditions, and multi-modal data 
sources limit the effectiveness of traditional rule-based and collaborative filtering approaches. These 
limitations have accelerated the adoption of advanced modeling paradigms, particularly deep learning–
based techniques, which offer enhanced representational capacity and adaptability. As personalization 
evolves from a competitive advantage to a baseline expectation, the development of robust, scalable, and 
trustworthy recommendation systems has become central to next-generation e-commerce platforms. 

1.2 Importance of Personalized Recommendation Systems 

Personalized recommendation systems are no longer optional features but foundational components of 
digital commerce ecosystems. By filtering, ranking, and presenting content tailored to individual users, 
these systems enhance engagement and optimize platform interaction dynamics (Hasan et al., 2024; Liu et 
al., 2024). 

Users exposed to personalized recommendations typically spend more time browsing, explore broader 
product categories, and demonstrate higher purchase intent compared to those relying solely on generic 
browsing or keyword-based search. Such behavioral shifts underscore the practical effectiveness of tailored 
recommendation strategies in improving both user experience and transaction efficiency. 

From a commercial standpoint, recommendation engines directly influence revenue generation. Early 
quantitative analyses show that AI-driven recommendation frameworks outperform popularity-based or 
rule-driven systems in driving measurable sales uplift (Zhou, 2020). More recent studies confirm that 
advanced AI-powered personalization significantly improves key performance indicators such as average 
order value, repeat purchase rate, and customer lifetime value (Huang, 2025). 

These findings collectively highlight that recommendation systems now operate at the intersection of user 
experience design, data-driven marketing, and operational strategy. Their integration into core platform 
architecture influences not only product discovery but also pricing strategies, inventory exposure, and 
targeted promotions, reinforcing their strategic importance. 

1.3 Evolution from Traditional Machine Learning to Deep Learning 

Early recommender systems were predominantly built on traditional machine learning paradigms, 
including collaborative filtering and content-based filtering. Collaborative filtering leverages user–user or 
item–item similarity to generate predictions, whereas content-based approaches match item attributes to 
user profiles. Although effective in smaller-scale environments, these techniques face inherent limitations 
related to sparsity, linear modeling assumptions, and limited feature expressiveness (Da’u & Salim, 2020; 
Lalitha & Sreeja, 2021). 

The emergence of deep learning has fundamentally transformed recommender system design. Deep neural 
networks enable automatic learning of high-dimensional feature representations from heterogeneous data 
sources such as text, images, and sequential interaction logs. Unlike shallow models, deep architectures 
capture nonlinear user–item interactions and temporal dependencies, improving predictive performance 
and contextual awareness (Li et al., 2023). 

Architectures including convolutional neural networks (CNNs), recurrent neural networks (RNNs), 
Transformer-based models, graph neural networks (GNNs), and neural collaborative filtering frameworks 
have demonstrated consistent improvements across diverse e-commerce settings. This evolution represents 
a paradigm shift from manually engineered features toward end-to-end representation learning capable of 
dynamically adapting to evolving user behavior. 



1.4 Research Gaps and Motivation 

Despite substantial performance gains, deep learning–based recommender systems face persistent 
challenges that limit practical deployment and long-term sustainability. 

A primary concern is interpretability. Deep architectures often operate as “black-box” models, making it 
difficult for stakeholders to understand or audit recommendation decisions (Almahmood & Tekerek, 2022). 
This opacity raises concerns related to user trust, regulatory compliance, and accountability. 

Cold-start scenarios remain another critical limitation. New users and newly introduced products often lack 
sufficient interaction data for reliable preference modeling. Although hybrid and transfer learning 
approaches attempt to mitigate this issue, cross-domain generalization remains inconsistent (Nesterov, 
2024). 

Scalability and computational efficiency further complicate deployment in real-world production 
environments. State-of-the-art models must balance predictive accuracy with latency constraints and 
infrastructure cost. Additionally, fairness, bias mitigation, and robustness to noisy or imbalanced data have 
emerged as essential considerations in ethical AI deployment. 

Given the rapid evolution of deep learning architectures between 2023 and 2025, an updated and 
methodologically rigorous review is required to consolidate recent advancements and reassess established 
assumptions (Shrivastava et al., 2024; Sameena et al., 2025). This study addresses that need by providing 
a systematic synthesis of contemporary research trends and unresolved trade-offs. 

1.5 Objectives and Contributions 

The primary objective of this review is to provide a structured and comprehensive synthesis of deep 
learning–based personalized recommendation systems in e-commerce. Specifically, this study aims to: 

1. Classify existing approaches according to model architecture, learning paradigm, and data 
modality. 

2. Compare their strengths, limitations, and evaluation methodologies. 
3. Identify persistent research challenges and open problems. 
4. Outline future research directions toward explainable, scalable, and ethically responsible 

recommender systems (Scrivano, 2024; Yu & Aviles, 2025). 

By integrating recent scholarly contributions within a unified analytical framework, this review supports 
both researchers and practitioners in advancing the state of the art in personalized e-commerce 
recommendation. 

1.6 Key Contributions of This Study 

This review makes the following contributions: 

1. It provides an updated synthesis of deep learning–based personalized recommendation 
approaches published between 2018 and 2025, emphasizing recent architectural innovations. 

2. It introduces a unified multi-dimensional classification framework organizing studies by 
architecture, data modality, application context, and evaluation metrics. 

3. It presents a comparative analysis of models across predictive performance, scalability, 
interpretability, cold-start robustness, and deployment feasibility. 

4. It identifies unresolved trade-offs and research gaps, highlighting pathways toward explainable, 

fair, and computationally efficient recommender systems. 



 

 

2. METHODOLOGY 

2.1 Review Design and Protocol 

This study adopts a systematic literature review (SLR) methodology aligned with established IEEE and 
PRISMA-informed review practices to ensure methodological rigor, transparency, and reproducibility. The 
review protocol was defined prior to literature collection in order to minimize selection bias and maintain 
consistency throughout the study. 

The review process comprised five sequential stages: 

1. problem formulation; 
2. systematic literature search; 
3. study screening and selection; 
4. data extraction; and 
5. qualitative and comparative synthesis. 

Clear inclusion and exclusion criteria were established to ensure relevance and quality of the selected 
studies. 

Inclusion criteria: 

• Studies focused on personalized recommendation systems in e-commerce or closely related online 
retail environments; 

• Studies employing deep learning models as a primary methodological component; 

• Peer-reviewed journal articles or reputable conference proceedings; 

• Studies reporting empirical evaluation using standard recommendation metrics. 

Exclusion criteria: 

• Studies relying solely on traditional machine learning methods without deep learning components; 

• Articles lacking sufficient methodological detail; 

• Non-English publications; 

• Editorials, opinion papers, tutorials, or non-scholarly sources. 

This structured protocol ensures that the review captures high-quality and methodologically relevant 
contributions in the field. 

2.2 Literature Search and Selection Process 

A comprehensive multi-database search strategy was employed to maximize coverage of relevant literature. 
The primary databases queried included: 

• IEEE Xplore 

• Scopus 

• Web of Science 

• arXiv (for recent high-impact preprints) 



Search strings combined controlled keywords and Boolean operators, including: 

“Deep learning” AND “personalized recommendation” AND “e-commerce” 
“neural collaborative filtering” AND “recommender systems” 
“user behavior modeling” AND “online retail” 

The initial search yielded 312 candidate studies. After duplicate removal, 241 records remained. 

The screening process proceeded as follows: 

• Title and abstract screening: 146 studies excluded 

• Full-text eligibility assessment: 95 studies reviewed 

• Final included studies: 62 primary papers 

To further enhance coverage, backward and forward citation tracking was conducted on highly cited papers. 
The study selection process follows a PRISMA-style flow to improve transparency and reproducibility. 

2.3 Thematic Classification Framework 

To enable structured synthesis and meaningful comparison, a multi-dimensional thematic classification 
framework was developed. The selected studies were organized across four primary dimensions reflecting 
core design characteristics of deep learning–based recommender systems (Loukili et al., 2023; Guan et al., 
2019). 

2.3.1 Model Architecture 

Studies were categorized according to the underlying deep learning architecture, including: 

• Convolutional Neural Networks (CNNs) 

• Recurrent Neural Networks (RNNs) 

• Transformer-based models 

• Graph Neural Networks (GNNs) 

• Hybrid and ensemble frameworks 

This dimension captures how different architectures model user–item relationships, sequential behavior, 
and relational dependencies. 

2.3.2 Data Modality 

The second dimension captures the types of input data utilized by recommendation models, including: 

• Explicit feedback (ratings) 

• Implicit feedback (clicks, views, purchases) 

• Textual descriptions and reviews 

• Product images 

• Clickstream and session logs 

• Contextual signals (time, device, location) 

Multimodal systems integrating heterogeneous data sources were analyzed as a distinct category due to 
their increasing prominence. 



2.3.3 Application Domain 

Studies were further categorized based on deployment context, including: 

• General online retail 

• Fashion and visually driven commerce 

• Multimedia and content commerce 

• Mobile commerce 

• Cross-domain recommendation 

This classification highlights how domain characteristics influence model design and evaluation. 

2.3.4 Evaluation Metrics 

Performance evaluation practices were analyzed using commonly reported metrics such as: 

• Precision 

• Recall 

• F1-score 

• Normalized Discounted Cumulative Gain (NDCG) 

• Mean Average Precision (MAP) 

• Area Under the Curve (AUC) 

Where available, system-level metrics such as latency, scalability, and robustness were also considered 

2.4 Analytical and Comparative Approach 

The analytical phase involved qualitative synthesis combined with cross-study comparative assessment. 
Selected models were evaluated across multiple dimensions, including: 

• predictive accuracy; 

• robustness to sparse or noisy data; 

• scalability in large-scale environments; and 

• practical deployment feasibility (Messaoudi & Loukili, 2024; Shrivastava et al., 2024). 

Reported experimental results were interpreted in the context of dataset characteristics, training protocols, 
and evaluation settings to ensure fair comparison across studies. 

In addition to accuracy-focused metrics, the analysis incorporated system-level considerations such as 
computational complexity, training and inference cost, and adaptability to real-time recommendation 
scenarios. Particular attention was given to how studies addressed persistent challenges including cold-
start conditions, model interpretability, and cross-domain generalization. 

By synthesizing findings across architectures, data modalities, and application domains, this 
methodological framework provides a holistic and reproducible assessment of the current state of deep 
learning–based personalized recommendation systems in e-commerce. 

 

 



 

Fig. 1. PRISMA-style systematic literature review process for 
study selection 

PRISMA-style flow diagram illustrating the systematic literature review process, 
including database search, screening, eligibility assessment, and final study inclusion. 

 

3. LITERATURE REVIEW 

3.1 Traditional Recommendation Approaches 

Early recommender systems were primarily grounded in traditional machine learning paradigms, with 
collaborative filtering (CF) and content-based filtering (CBF) forming the methodological foundation. 
Collaborative filtering operates on the premise that users with similar historical preferences will exhibit 
similar future behaviors. Both memory-based approaches (e.g., user–user and item–item similarity) and 
model-based techniques such as matrix factorization achieved considerable success in early e-commerce 
deployments due to their conceptual simplicity and interpretability (Liu, 2018). 

However, collaborative filtering methods are highly sensitive to data sparsity and cold-start conditions, 
particularly in large-scale catalogs where user–item interaction matrices are extremely sparse. Content-
based systems partially mitigate item cold-start issues by leveraging product attributes and user profiles, 
but they often suffer from overspecialization, limiting recommendation diversity and serendipity (Tayade 
et al., 2021). 

Hybrid approaches combining collaborative and content signals were introduced to offset these 
weaknesses. While such methods improved robustness, they still relied heavily on manual feature 
engineering and linear interaction assumptions. As e-commerce ecosystems expanded in scale and 
behavioral complexity, these traditional techniques struggled to capture nonlinear dependencies, temporal 



dynamics, and heterogeneous data modalities, motivating the transition toward deep learning–based 
solutions. 

3.2 Deep Learning Architectures in E-Commerce Recommendation 

The limitations of traditional recommender systems have driven widespread adoption of deep learning, 
which enables end-to-end representation learning from high-dimensional and multi-modal data. Deep 
models are particularly effective in uncovering latent structures in user–item interactions and integrating 
diverse information sources common in modern e-commerce environments. 

3.2.1 CNN-Based Models 

Convolutional Neural Networks (CNNs) have been extensively applied in recommendation tasks involving 
visual and spatial information, especially in visually sensitive domains such as fashion, home décor, and 
consumer electronics. CNN-based recommenders automatically extract hierarchical visual features from 
product images, outperforming handcrafted descriptors in capturing semantic and aesthetic attributes (Li, 
2024). 

Recent studies demonstrate that incorporating CNN-derived visual embeddings into recommendation 
pipelines significantly improves ranking accuracy and user satisfaction (Arunkumar et al., 2024). These 
models are frequently integrated with collaborative filtering frameworks to complement interaction-based 
signals. Nevertheless, CNN-based approaches introduce higher computational overhead and often provide 
limited interpretability, as learned visual features may not directly correspond to human-understandable 

attributes. 

3.2.2 RNN and Sequential Models 

Recurrent Neural Networks (RNNs), including Long Short-Term Memory (LSTM) and Gated Recurrent 
Unit (GRU) architectures, are well suited for session-based and sequential recommendation tasks. Unlike 
static preference models, RNNs explicitly capture temporal dependencies by modeling the order and timing 
of user interactions (Guan et al., 2019). 

In e-commerce contexts, RNN-based models have been widely used for next-item prediction, session 
continuation, and time-aware purchasing behavior. Empirical studies report that sequential modeling 
improves recommendation relevance in dynamic environments where user preferences evolve rapidly 
(Wang et al., 2021). 

Despite their strengths, RNNs face challenges in modeling very long interaction sequences and may suffer 
from vanishing gradient issues. These limitations have motivated the exploration of attention-based and 
Transformer architectures. 

3.2.3 Transformer and Attention-Based Models 

Transformer architectures represent a major advancement in recommender system research. By replacing 
recurrence with self-attention mechanisms, Transformers can model long-range dependencies and 
contextual relationships more effectively than traditional sequential models. 

Attention-based recommenders dynamically weight historical interactions, enabling the system to focus on 
the most informative behavioral signals when generating predictions (Xu et al., 2024). Recent studies 
demonstrate that Transformer-based models achieve state-of-the-art performance in capturing complex 
user trajectories and contextual features such as time, device type, and browsing intent (Yu & Aviles, 2025). 



Additionally, attention mechanisms provide partial interpretability by highlighting influential interactions. 
However, full transparency remains an open challenge. The primary limitation of Transformer models lies 
in their substantial computational and memory requirements, which can constrain real-time deployment 
in large-scale production systems. 

3.3 Neural Collaborative Filtering and Hybrid Models 

Neural Collaborative Filtering (NCF) extends classical matrix factorization by replacing linear interaction 
functions with deep neural architectures. By learning nonlinear mappings between user and item 
embeddings, NCF models achieve greater expressive power and improved predictive accuracy (Messaoudi 
& Loukili, 2024). 

Modern recommender systems increasingly adopt hybrid and ensemble designs that integrate multiple 
deep learning components. For example, CNNs may process visual content, RNNs capture behavioral 
sequences, and dense neural layers model user–item interactions within a unified framework. Such hybrid 
systems consistently outperform single-model approaches by leveraging complementary strengths across 
data modalities (Shrivastava et al., 2024). 

However, increased architectural complexity introduces new challenges, including higher training cost, 
model maintenance difficulty, and potential overfitting risks. These trade-offs highlight the need for 
balanced model design. 

3.4 Multi-Modal and Sentiment-Aware Recommendations 

Contemporary e-commerce platforms generate rich multi-modal data streams, including textual 
descriptions, product images, user reviews, ratings, and contextual metadata. Multi-modal recommender 
systems aim to jointly learn from these heterogeneous sources to construct more comprehensive user and 
item representations (Shang et al., 2024). 

Sentiment-aware recommendation models further enhance personalization by extracting opinion polarity 
and emotional signals from user reviews. Incorporating sentiment features enables finer-grained 
preference modeling and improved ranking quality, particularly in domains where subjective perception 
strongly influences purchasing decisions (Zhou, 2020). 

Despite their promise, multi-modal systems face practical challenges related to data alignment, noise 
robustness, and increased computational requirements. Moreover, the fusion of heterogeneous data 
sources raises additional concerns regarding fairness, Explainability, and scalability. 

Table 1. Comparison of traditional machine learning and deep 
learning recommendation techniques 

Dimension 
Traditional ML 

Approaches 
Deep Learning Approaches 

Feature Engineering 
Manual feature design 

required 
Automatic feature learning 

Modeling Capability 
Primarily linear 

relationships 
Captures complex nonlinear 

interactions 

Handling Data 
Sparsity 

Limited effectiveness Better with auxiliary data 



Multi-Modal Support Weak Strong (text, image, behavior) 

Scalability Moderate 
High but computationally 

expensive 

Interpretability High Often low (black-box) 

Cold-Start Handling Weak Improved with hybrid models 

Overall Accuracy Moderate Generally higher 

 
3.5 Synthesis and Research Direction 

The reviewed literature clearly demonstrates a paradigm shift from traditional recommendation techniques 
toward deep learning–driven frameworks in e-commerce. Deep models substantially improve the ability to 
capture nonlinear user behavior, sequential dynamics, and multi-modal interactions. 

Nevertheless, the literature also reveals persistent open challenges. Interpretability remains limited in 
many deep architectures; cold-start robustness varies across models; and large-scale deployment 
introduces nontrivial computational and engineering constraints. Furthermore, ethical considerations—
including fairness, bias mitigation, and transparency—are receiving increasing attention but remain 
insufficiently addressed in many current systems. 

These observations underscore the need for unified analytical frameworks and systematically grounded 
evaluations, motivating the comprehensive review presented in this study. 

 

4. PROBLEM STATEMENT 

Despite the significant progress achieved by deep learning–based recommender systems, several 
fundamental challenges continue to hinder their widespread adoption, operational reliability, and ethical 
deployment in real-world e-commerce environments. While modern architectures have demonstrated 
substantial improvements in predictive accuracy and user engagement, these gains often come at the 
expense of transparency, robustness, and computational efficiency. 

One of the most prominent limitations is the lack of interpretability. Deep neural recommender models—
particularly those incorporating multi-layer embeddings, attention mechanisms, and hybrid feature 
fusion—often function as black boxes. This opacity makes it difficult for developers, platform operators, and 
end users to understand the rationale behind specific recommendations. The absence of clear explanatory 
mechanisms complicates debugging, reduces stakeholder trust, and poses challenges for compliance with 
emerging AI transparency and accountability regulations. Prior research consistently identifies 
Explainability as a persistent weakness of deep recommendation frameworks when compared with more 
interpretable classical methods (Almahmood & Tekerek, 2022). 

Closely related to interpretability are the enduring challenges of data sparsity and the cold-start problem. 
In large-scale e-commerce platforms, user–item interaction matrices remain highly sparse because most 
users interact with only a small fraction of available products. This sparsity limits the model’s ability to 
learn reliable preference representations, particularly for new users and newly introduced items. Although 
deep learning models offer enhanced representation capacity, they do not fully eliminate sparsity-related 
degradation without substantial auxiliary data or hybrid modeling strategies. 



Another critical concern involves fairness and bias propagation. Deep recommender systems trained on 
historical behavioral data may inadvertently reinforce existing exposure inequalities, popularity bias, or 
demographic disparities. Because deep architectures are highly complex, identifying the origin and 
magnitude of such biases is considerably more difficult than in traditional models. Moreover, different 
fairness definitions may conflict with accuracy objectives, creating a challenging multi-objective 
optimization problem for system designers. 

Scalability and deployment cost present additional barriers to practical adoption. State-of-the-art deep 
recommendation models frequently rely on large embedding tables, complex feature interactions, and 
computationally intensive training procedures. When deployed at web scale—serving millions of users and 
products—these systems require sophisticated distributed infrastructures, model compression strategies, 
and latency optimization techniques. Such requirements significantly increase engineering complexity and 
operational cost, potentially limiting adoption by resource-constrained platforms. 

Collectively, the intertwined challenges of interpretability, sparsity, fairness, and scalability highlight a 
critical gap between academic performance gains and real-world deplorability. Addressing these issues 
requires not only improvements in model accuracy but also advances in explainable AI, efficient 
architecture design, bias mitigation, and production-aware system engineering. This review therefore seeks 
to systematically examine current deep learning–based recommendation approaches, identify unresolved 
limitations, and outline research directions that can bridge the gap between theoretical innovation and 
practical e-commerce deployment. 

 

5. RESULTS 

5.1 Performance Trends in Deep Learning–Based Recommendation 
Systems 

The synthesis of the selected studies indicates a clear and consistent trend toward improved predictive 
performance when deep learning techniques are applied to personalized recommendation tasks in e-
commerce environments. Across multiple benchmark datasets and application contexts, deep neural 
architectures—including convolutional neural networks (CNNs), recurrent neural networks (RNNs), 
attention-based models, and hybrid frameworks—generally demonstrate superior capability in capturing 
complex and nonlinear user–item interactions compared with traditional collaborative filtering 
approaches. 

Several studies report improvements in ranking-oriented metrics such as Precision@k, Recall@k, 
normalized discounted cumulative gain (NDCG), and area under the curve (AUC). These gains are largely 
attributed to the ability of deep models to automatically learn hierarchical feature representations from 
heterogeneous data sources, including textual descriptions, product images, and sequential interaction 
logs. In particular, models that incorporate sequential behavior modeling show stronger responsiveness to 
evolving user preferences, which translates into improved short-term recommendation relevance and 
session-level engagement. 

Hybrid architectures that integrate neural collaborative filtering with auxiliary deep components frequently 
demonstrate the most stable performance across diverse datasets. These models benefit from combining 
interaction-based embeddings with side information, thereby improving robustness under moderate 
sparsity conditions. Evidence from multiple reviewed studies suggests that the inclusion of multimodal 
features can further enhance recommendation quality, particularly in visually driven domains such as 
fashion and multimedia commerce. 

However, the magnitude of performance improvement is not uniform across all scenarios. The most 
substantial gains are typically observed under warm-start conditions where sufficient historical interaction 



data are available. In highly sparse environments, purely deep collaborative approaches may experience 
performance degradation unless supplemented with auxiliary signals or hybrid learning strategies. 

5.2 Comparative Insights Across Model Families 

The comparative analysis reveals that no single deep learning architecture universally outperforms others 
across all recommendation contexts. Instead, performance advantages are closely linked to data 
characteristics, interaction dynamics, and deployment requirements. 

Neural Collaborative Filtering (NCF) models consistently perform well on dense implicit-feedback datasets, 
where nonlinear user–item interaction modeling provides measurable gains over matrix factorization 
baselines. These models are particularly effective in traditional top-N recommendation tasks with sufficient 
historical data. 

Sequential models based on RNNs and attention mechanisms demonstrate clear advantages in session-
based and time-aware recommendation scenarios. By modeling the temporal order of user interactions, 
these approaches better capture short-term intent and evolving preferences. As a result, they often achieve 
higher Recall@k and engagement-related metrics in domains characterized by rapid preference drift. 

Graph Neural Network (GNN)–based recommenders show strong performance when relational or 
structural information—such as user–user networks or item knowledge graphs—is available. These models 
enhance representation learning for long-tail items and can partially alleviate cold-start effects by 
propagating information through graph structures. 

Hybrid deep learning frameworks, which combine multiple architectural paradigms or integrate classical 
methods with neural components, exhibit the most balanced performance profile across heterogeneous 
data conditions. Many studies report that hybridization improves robustness to sparsity and enhances 
generalization, although it also introduces additional computational and implementation complexity. 

Table 2. Performance comparison of deep learning models 
across recommendation scenarios 

Model Type Strengths Limitations Best Use Case 
Typical 
Metrics 

Improved 

Neural 
Collaborative 

Filtering (NCF) 

Strong 
nonlinear 
modeling 

Needs dense 
data 

Rating prediction 
Precision, 

RMSE 

RNN / 
Sequential 

Models 

Captures 
temporal 
behavior 

Training 
complexity 

Session-based 
recommendation 

Recall@K, 
CTR 

Transformer 
Models 

Long-range 
dependency 

modeling 

High compute 
cost 

Context-aware 
recommendation 

NDCG, Recall 

Graph Neural 
Networks 

Exploits 
relational 
structure 

Complex 
deployment 

Social / knowledge 
graphs 

Precision, 
Diversity 



Hybrid Deep 
Models 

Robust to 
sparsity 

Higher system 
complexity 

Cold-start 
scenarios 

Overall 
ranking 
metrics 

 

5.3 Observed Trade-Offs and Practical Considerations 

Despite the overall performance gains associated with deep learning–based recommenders, the reviewed 
literature consistently highlights important trade-offs. 

First, improvements in predictive accuracy often come at the cost of increased computational overhead. 
Deep architectures typically require larger embedding spaces, longer training times, and higher inference 
latency compared with traditional methods. These factors can complicate real-time deployment in large-
scale commercial environments. 

Second, model interpretability remains limited across most deep learning approaches. While attention 
mechanisms and post-hoc Explainability techniques provide partial visibility into model behavior, many 
systems still function as opaque decision-makers. This limitation has implications for user trust, regulatory 
compliance, and system debugging. 

Third, data sparsity continues to affect performance, particularly for new users and items. Although 
multimodal learning and hybrid approaches mitigate this issue to some extent, the cold-start problem 
remains an open research challenge. 

Finally, only a subset of studies evaluates models under real-world deployment constraints such as latency, 
scalability, and online user feedback loops. This gap suggests that offline benchmark improvements may 
not always translate directly into production-level gains. 

5.4 Synthesis of Key Findings 

Based on the systematic analysis of the selected literature, several high-level findings emerge: 

• Deep learning–based recommendation systems generally outperform traditional approaches in 
modeling complex user behavior. 

• Sequential and attention-based models are particularly effective for dynamic and session-based 
recommendation scenarios. 

• Multimodal and hybrid frameworks provide improved robustness in sparse data environments. 

• Graph-based models show promise for leveraging relational information and improving long-tail 
recommendations. 

• Significant challenges remain in interpretability, computational efficiency, fairness, and real-
world scalability. 

Overall, the evidence indicates that deep learning has substantially advanced the state of personalized 
recommendation in e-commerce. Nevertheless, the literature also emphasizes the importance of 
balancing predictive performance with transparency, efficiency, and deployment feasibility to achieve 
practically viable next-generation recommender systems. 



 

6. LIMITATIONS 

Despite the comprehensive scope of this systematic review, several limitations should be acknowledged 
when interpreting the findings. 

First, the review is constrained by the coverage and quality of the available literature. Although a structured 
multi-database search strategy was employed, relevant studies published outside the selected databases or 
in non-English venues may not have been captured. Additionally, publication bias may exist, as studies 
reporting positive performance improvements are more likely to be published than those reporting neutral 
or negative results. This bias can potentially overestimate the reported effectiveness of deep learning–based 
recommendation systems. 

Second, heterogeneity across the included studies presents challenges for direct comparison. The reviewed 
works employ diverse datasets, evaluation metrics, experimental protocols, and preprocessing strategies. 
Such variability limits the ability to conduct strict quantitative meta-analysis and may affect the 
generalizability of comparative conclusions. Differences in data sparsity levels, domain characteristics, and 
feature availability further contribute to performance variability across models. 

Third, reproducibility remains a concern in deep learning–based recommender system research. Many 
studies rely on complex architectures with numerous hyperparameters, proprietary datasets, or insufficient 
implementation details. As a result, replicating reported performance gains in independent environments 
can be difficult. While open-source implementations are increasingly available, standardized benchmarking 
practices are still evolving. 

Fourth, most empirical evaluations reported in the literature are conducted in offline experimental settings 
rather than real-world production environments. Consequently, important operational factors—such as 
inference latency, system robustness under high traffic, long-term user behavior dynamics, and 
infrastructure cost—are often underexplored. This gap limits the ability to fully assess the practical 
deployment readiness of many proposed models. 

Finally, the rapid pace of advancement in deep learning and recommender system research means that 
newly proposed architectures and optimization strategies may emerge shortly after the review period. 
Although this study incorporates literature through 2025, the field continues to evolve quickly, and some 
recent developments may not yet be fully represented. 

Recognizing these limitations is essential for contextualizing the findings and for guiding future research 
toward more reproducible, transparent, and deployment-aware recommender system designs. 

 

7. DISCUSSION 

7.1 Interpretation of Findings 

The findings of this review confirm that deep learning–based recommender systems substantially 
outperform traditional machine learning approaches in modeling complex user–item interactions. The 
primary advantage stems from the ability of deep neural architectures to learn hierarchical and nonlinear 
feature representations directly from heterogeneous data sources. Unlike classical collaborative filtering 
methods, which rely heavily on linear similarity assumptions and manually engineered features, deep 
learning models effectively capture latent behavioral patterns, temporal dynamics, and multimodal 
relationships. 



Sequential architectures, including recurrent neural networks and attention-based models, demonstrate 
particular strength in capturing evolving user preferences. By modeling interaction order and temporal 
dependencies, these approaches improve short-term intent prediction and session-level recommendation 
quality. Similarly, hybrid deep learning frameworks that integrate collaborative and content-based signals 
show enhanced robustness under sparse data conditions, partially mitigating the cold-start problem. 

However, the magnitude of performance gains varies across datasets and application contexts. Models 
trained on dense interaction data consistently achieve the highest improvements, whereas gains diminish 
in highly sparse environments without auxiliary features. This observation highlights the continuing 
importance of data richness and feature diversity in realizing the full benefits of deep learning–based 
personalization. 

7.2 Comparison with Prior Reviews 

When compared with earlier survey studies, the present review both corroborates and extends prior 
findings. Earlier reviews (e.g., Da’u & Salim, 2020; Lalitha & Sreeja, 2021) primarily emphasized the 
accuracy improvements enabled by deep learning but provided limited coverage of modern architectures 
such as Transformer-based and graph neural network models. The current synthesis demonstrates that 
recent advances have significantly expanded the architectural landscape of recommender systems, 
particularly through the integration of multimodal learning, attention mechanisms, and hybrid ensemble 
strategies. These developments have improved the ability of recommendation systems to operate in 
dynamic and large-scale e-commerce environments. 

Nevertheless, concerns highlighted in prior literature—especially regarding interpretability, computational 
cost, and fairness—remain largely unresolved. This persistence suggests that while predictive performance 
has advanced rapidly, progress in trustworthy and efficient deployment has been comparatively slower. 

7.3 Trade-offs and Emerging Challenges 

A central insight emerging from the literature is the inherent trade-off between predictive accuracy and 
Explainability. Deep learning models achieve superior performance but often operate as opaque black 
boxes, limiting transparency and stakeholder trust. Although attention mechanisms and post-hoc 
explanation methods provide partial visibility into model behavior, full interpretability remains an open 
research problem. Another notable challenge is the variability of model performance across domains and 
data regimes. While deep architectures excel in data-rich environments, their advantages are less consistent 
in cold-start or highly sparse scenarios. This finding reinforces the need for adaptive and hybrid approaches 
that balance expressive power with data efficiency. 

Fairness and bias also emerge as critical concerns. Because deep recommender systems learn from 
historical interaction data, they may inadvertently amplify popularity bias, exposure inequality, or 
demographic disparities. Addressing these risks requires integrating fairness-aware objectives and 
evaluation metrics into the model development pipeline rather than treating fairness as a post-processing 
consideration. Finally, the operational complexity of deploying deep recommender systems at scale remains 
substantial. Large embedding tables, high training costs, and real-time latency constraints introduce 
engineering challenges that are often underreported in academic studies but highly relevant in production 
environments. 

7.4 Practical and Theoretical Implications 

From a practical perspective, the reviewed evidence suggests that organizations adopting deep learning–
based recommendation systems can achieve measurable improvements in user engagement, conversion 
rates, and revenue generation. However, these benefits must be balanced against infrastructure costs, 
model maintenance requirements, and governance considerations. 



For industry practitioners, the results highlight the importance of: 

• aligning model complexity with data availability, 

• incorporating multimodal features where feasible, 

• monitoring fairness and bias metrics during deployment, and 

• designing scalable architectures that meet real-time constraints. 

From a theoretical standpoint, this review reinforces the role of deep learning as a flexible framework for 
modeling high-dimensional user behavior. At the same time, it exposes important open problems that 
warrant further investigation, including: 

• interpretable deep recommendation models, 

• data-efficient learning under sparsity, 

• fairness-aware personalization, and 

• lightweight architectures for resource-constrained environments. 

7.5 Summary of Discussion 

Overall, the discussion demonstrates that deep learning has become the dominant paradigm for 
personalized recommendation in e-commerce due to its superior representational capacity and 
adaptability. However, the technology has not yet reached full maturity for universally trustworthy and 
cost-efficient deployment. Bridging the gap between predictive excellence and practical reliability remains 

the central challenge for next-generation recommender systems. 

 

 

Fig. 2. Multi-layer deep learning-based personalized e-
commerce recommendation architecture 



 

8. CONCLUSION 

This study presented a systematic IEEE-style review of deep learning–based personalized recommendation 
systems in e-commerce, synthesizing research published between 2018 and 2025. The analysis 
demonstrates that deep learning architectures—including convolutional, recurrent, attention-based, graph-
based, and hybrid models—consistently outperform traditional recommendation techniques in modeling 
complex user–item interactions and integrating multi-modal data sources. These advances have enabled 
more accurate, context-aware, and scalable personalization capabilities across modern e-commerce 
platforms. Despite these improvements, the review identifies several persistent challenges that continue to 
limit practical deployment. Key issues include limited interpretability of deep models, vulnerability to data 
sparsity and cold-start conditions, potential fairness and bias concerns, and the substantial computational 
resources required for large-scale training and real-time inference. These findings indicate that predictive 
performance alone is insufficient; future recommender systems must balance accuracy with transparency, 
efficiency, and ethical responsibility. 

The primary contribution of this work lies in the development of a unified analytical framework that 
systematically organizes recent advances, highlights architectural trade-offs, and identifies open research 
problems. By consolidating fragmented literature into a structured perspective, this review provides a 
reference foundation for both academic researchers and industry practitioners seeking to design next-
generation personalized recommendation systems. Future research should prioritize explainable AI 
techniques to improve transparency and user trust, federated and privacy-preserving learning to address 
data governance concerns, and lightweight or efficient model architectures suitable for real-time large-scale 
deployment. Additionally, greater emphasis on fairness-aware recommendation and cross-domain 
personalization will be essential for building robust and socially responsible systems. In conclusion, deep 
learning has firmly established itself as the dominant paradigm for personalized e-commerce 
recommendation. However, achieving truly trustworthy, scalable, and ethically aligned recommender 
systems will require continued interdisciplinary innovation that bridges algorithmic performance with 
practical deployment constraints and responsible AI principles. 
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