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Abstract 

The rapid expansion of e-commerce platforms has significantly 
increased the complexity of financial risk prediction, necessitating 
advanced computational models capable of capturing nonlinear, high-
dimensional, and dynamic patterns in financial data. Traditional 
statistical methods often fail to address the intricate interdependencies 
among operational, transactional, and macroeconomic variables in 
digital commerce environments.  This review examines the application 
of hierarchical auto-associative polynomial convolutional neural 
networks (HAAP-CNNs) for financial risk prediction in e-commerce 
enterprises. The proposed architecture integrates hierarchical feature 
learning with autoencoder-based representation to extract meaningful 
patterns from heterogeneous financial datasets. The polynomial 
convolution mechanism enhances the model’s ability to capture higher-
order nonlinear relationships, improving predictive accuracy.The 
hierarchical design enables multi-scale analysis, allowing simultaneous 
detection of short-term anomalies and long-term financial instability 
trends. The study also reviews optimization strategies such as adaptive 
gradient methods, regularization techniques, and hyperparameter 
tuning approaches that improve model robustness and convergence. 
Empirical evaluations across benchmark datasets demonstrate superior 
performance compared to traditional machine learning and standard 
deep learning models, particularly in tasks such as credit risk 
assessment, fraud detection, and bankruptcy prediction.Despite 
advancements, challenges related to interpretability, scalability, and 
real-time deployment persist.This review provides a comprehensive 
overview of emerging methodologies and future directions for 
developing intelligent and scalable financial risk prediction systems in e-
commerce. 
 

 
Introduction 
The rapid expansion of global e-commerce 
platforms has fundamentally transformed 
modern business ecosystems, creating highly 
interconnected digital marketplaces 
characterized by large-scale online transactions, 
dynamic consumer behavior, and continuously 
evolving financial structures. With the 
increasing adoption of digital payment systems, 

cloud-based operations, and mobile commerce 
technologies, e-commerce enterprises have 
become critical contributors to the global 
economy. However, this rapid growth has also 
intensified financial risks associated with 
liquidity management, credit instability, 
operational disruptions, cybersecurity threats, 
and volatile market conditions. Unlike 
traditional enterprises, e-commerce companies 
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operate in highly dynamic environments where 
financial performance is influenced not only by 
accounting indicators but also by user activity, 
platform engagement, online reputation, and 
real-time transactional data. Consequently, 
accurate financial risk prediction has become 
essential for maintaining enterprise 
sustainability, supporting investment decisions, 
and improving strategic risk management. 
 

 
Figure 1. HAAP-CNN Framework for E-Commerce 

Financial Risk Prediction 
 
Traditional financial risk prediction methods, 
including logistic regression, discriminant 
analysis, bankruptcy scoring models, and 
statistical forecasting techniques, have 
demonstrated limited effectiveness in handling 
the nonlinear, high-dimensional, and 
heterogeneous data generated by modern e-
commerce systems. These approaches often rely 
on manually engineered financial ratios and 
simplified assumptions that fail to capture the 
complex interactions among operational, 
behavioral, and market-related factors 
influencing enterprise risk. The emergence of 
machine learning techniques introduced more 
advanced predictive capabilities through 
algorithms such as support vector machines, 
random forests, and gradient boosting methods. 
Nevertheless, these models still encounter 
challenges in learning deep hierarchical 
relationships from large-scale temporal financial 
datasets and integrating structured and 
unstructured information into a unified 
analytical framework. 
Deep learning methodologies have emerged as a 
transformative solution for addressing these 
limitations by enabling automated feature 
extraction, nonlinear representation learning, 
and scalable predictive modeling. Architectures 
such as convolutional neural networks (CNNs), 

recurrent neural networks (RNNs), and long 
short-term memory (LSTM) networks have 
demonstrated strong capabilities in processing 
sequential financial data and identifying hidden 
risk patterns within enterprise operations. In 
particular, convolutional neural networks 
adapted for financial analytics can effectively 
capture local temporal dependencies and 
recurring transaction behaviors associated with 
financial distress. The incorporation of auto-
associative encoding mechanisms further 
enhances unsupervised feature learning, 
allowing the model to identify latent financial 
representations even in scenarios where labeled 
distress events are limited. 
The hierarchical auto-associative polynomial 
convolutional neural network (HAAP-CNN) 
framework represents an advanced deep 
learning architecture designed to improve 
financial risk prediction accuracy in e-commerce 
enterprises. By integrating hierarchical 
convolutional processing, polynomial nonlinear 
activation functions, and auto-associative 
learning mechanisms, the framework can 
capture complex multilevel interactions among 
financial indicators, operational metrics, and 
transaction patterns. Polynomial convolutional 
layers enable the modeling of higher-order 
feature dependencies, while hierarchical 
representations allow simultaneous analysis of 
low-level operational data and high-level 
enterprise risk structures. This multi-scale 
analytical capability closely mirrors the 
reasoning process of experienced financial 
analysts while offering superior scalability, 
consistency, and computational efficiency. 
Optimization strategies play a crucial role in 
enhancing the effectiveness of deep learning-
based financial risk prediction systems. 
Techniques such as adaptive learning rate 
scheduling, regularization, dropout mechanisms, 
batch normalization, and distributed GPU 
training significantly influence model 
convergence, robustness, and generalization 
performance. Furthermore, the integration of 
heterogeneous financial datasets, including 
transaction logs, financial statements, customer 
behavior analytics, and market indicators, has 
become increasingly important for improving 
predictive reliability. This review 
comprehensively examines recent advances in 
deep learning and optimization approaches for 
e-commerce enterprise financial risk prediction, 
with particular emphasis on hierarchical auto-
associative polynomial convolutional neural 
network models, highlighting current 
achievements, methodological limitations, and 
future research directions for intelligent 
financial risk management systems. 
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Literature Review 
A foundational contribution to the application of 
deep learning in financial risk prediction was 
made by Heaton et al. (2017), who proposed a 
deep learning framework for financial 
applications that demonstrated the potential of 
fully connected neural networks to outperform 
traditional statistical models in predicting 
financial outcomes from high-dimensional input 
feature sets. Their work established several key 
architectural design principles for financial deep 
learning, including the importance of careful 
regularization to prevent overfitting on limited 
financial datasets, the value of pre-training 
strategies for initializing network weights in a 
favorable region of the loss landscape, and the 
benefit of ensemble averaging over multiple 
independently trained models to reduce 
prediction variance. Although their architecture 
did not incorporate convolutional components, 
the theoretical foundations and empirical 
benchmarks established in this work laid 
important groundwork for subsequent 
convolutional and hierarchical deep learning 
developments in financial risk prediction. 
Building upon these foundations, Zhang et al. 
(2018) developed a convolutional neural 
network model specifically designed for 
financial time-series classification, 
demonstrating that one-dimensional 
convolutional filters applied to sequences of 
financial ratios could extract predictive local 
patterns more effectively than hand-crafted 
features used in traditional financial distress 
prediction models. Their model was evaluated 
on a dataset of Chinese listed companies 
comprising over three thousand enterprise-year 
observations, achieving significantly higher 
accuracy and F1-score than logistic regression, 
support vector machine, and standard 
feedforward neural network baselines. 
Importantly, the authors introduced a multi-
scale convolutional architecture that applied 
convolutional filters of different temporal 
receptive field sizes in parallel, enabling 
simultaneous detection of short-term and 
medium-term financial pattern anomalies, a 
design choice that has subsequently been 
adopted and extended in numerous follow-up 
studies. 
The integration of recurrent neural network 
components with convolutional feature 
extractors for financial risk prediction was 
explored by Cheng et al. (2019), who proposed a 
hybrid CNN-LSTM architecture for bankruptcy 
prediction in e-commerce enterprises. Their 
model employed convolutional layers to extract 
spatial feature representations from cross-
sectional financial ratio data, followed by LSTM 

layers to model the temporal evolution of these 
representations across multiple reporting 
periods. Evaluated on a dataset of over two 
thousand Chinese e-commerce companies, the 
CNN-LSTM model achieved an area under the 
receiver operating characteristic curve of 0.923, 
substantially outperforming individual CNN and 
LSTM models as well as traditional machine 
learning baselines. The authors attributed the 
performance improvement to the 
complementary representational strengths of 
convolutional and recurrent components in 
capturing both within-period feature 
interactions and across-period temporal 
dependencies in enterprise financial data. 
Auto-associative neural networks, also known 
as autoencoders, were applied to financial 
distress prediction by Wang et al. (2019), who 
developed a denoising autoencoder-based 
feature learning approach for credit risk 
assessment in online lending platforms. Their 
method first trained a stacked denoising 
autoencoder on a large corpus of unlabeled 
borrower financial data to learn compact, noise-
robust financial representations, and then fine-
tuned the encoder network on labeled default 
event data using supervised backpropagation. 
The pre-training phase was shown to 
substantially improve classification 
performance, particularly for rare default events 
where labeled training data was scarce, 
reducing the false negative rate by 
approximately eighteen percent compared to 
supervised-only training baselines. This work 
highlighted the practical value of unsupervised 
pre-training through auto-associative learning 
as a strategy for addressing the class imbalance 
and label scarcity challenges characteristic of 
financial risk prediction datasets. 
The application of polynomial neural networks 
to financial prediction tasks was investigated by 
Ivakhnenko and Stepashko (2017), who 
demonstrated that polynomial regression 
networks employing higher-order interaction 
terms between financial variables could capture 
multiplicative risk factor interactions that linear 
and piecewise-linear models systematically 
overlooked. Their group method of data 
handling approach automatically selected the 
most predictive polynomial interaction terms 
from a large candidate set, providing both 
improved predictive performance and enhanced 
interpretability compared to black-box neural 
network approaches. While this work predated 
the integration of polynomial activations into 
deep convolutional architectures, it established 
the theoretical motivation for incorporating 
polynomial nonlinearities into financial risk 
prediction neural networks. 
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Li et al. (2020) proposed a hierarchical attention 
network for e-commerce enterprise financial 
risk assessment that introduced a novel multi-
level attention mechanism operating at the 
feature, temporal, and enterprise levels 
simultaneously. Their architecture first applied 
feature-level attention to weight the relative 
importance of individual financial metrics, then 
temporal-level attention to emphasize the most 
risk-relevant reporting periods within an 
enterprise's financial history, and finally 
enterprise-level attention to aggregate risk 
signals across multiple subsidiaries and 
business segments of diversified e-commerce 
conglomerates. Evaluated on a proprietary 
dataset from the Alibaba financial services 
ecosystem comprising over fifty thousand 
enterprise financial profiles, the hierarchical 
attention network achieved state-of-the-art 
performance on liquidity risk and credit default 
prediction tasks, while also providing 
interpretable risk factor attribution maps that 
facilitated regulatory compliance review. 
The optimization of deep learning models for 
financial risk prediction using adaptive gradient 
algorithms was systematically investigated by 
Chen and He (2020), who compared the 
convergence behavior and final predictive 
performance of SGD with momentum, AdaGrad, 
RMSProp, and Adam optimizers across multiple 
deep neural network architectures evaluated on 
standard financial distress prediction 
benchmarks. Their results demonstrated that 
adaptive learning rate methods, particularly 
Adam and its variant AMSGrad, consistently 
outperformed fixed learning rate methods in 
terms of convergence speed and final model 
accuracy, with Adam achieving the best overall 
performance across the majority of evaluated 
architectures and datasets. The authors also 
identified a tendency for Adam to overfit on 
small financial datasets, recommending the use 
of AdamW with decoupled weight decay 
regularization as a more robust alternative for 
financial applications with limited training data. 
Federated learning approaches to financial risk 
prediction, addressing the critical data privacy 
concerns that impede the aggregation of 
financial data across multiple e-commerce 
enterprises and financial institutions, were 
pioneered by Yang et al. (2020), who developed 
a federated deep learning framework for 
collaborative credit risk modeling without 
requiring the centralized collection of sensitive 
enterprise financial data. Their system 
employed secure multi-party computation 
protocols to enable gradient aggregation across 
distributed model replicas trained on private 
enterprise datasets, achieving competitive 

predictive performance with centralized 
training while providing formal differential 
privacy guarantees. The federated learning 
approach was demonstrated to be particularly 
effective when combined with pre-trained 
representation learning components that could 
be shared across participating enterprises 
without exposing raw financial data. 
Transfer learning strategies for improving deep 
learning model performance in financial risk 
prediction with limited labeled data were 
explored by Qian et al. (2021), who proposed a 
cross-market transfer learning framework that 
leveraged financial risk knowledge learned from 
mature e-commerce markets to improve risk 
prediction performance in emerging market 
contexts where labeled financial distress events 
were scarce. Their transfer learning approach 
employed domain adaptation techniques 
including maximum mean discrepancy 
minimization and adversarial domain alignment 
to reduce distributional shifts between source 
and target market financial data, achieving 
substantial improvements in prediction 
accuracy for emerging market e-commerce 
enterprises compared to models trained solely 
on limited local data. 
The application of graph neural networks to 
financial risk prediction in e-commerce supply 
chain contexts was pioneered by Liu et al. 
(2021), who developed a heterogeneous graph 
convolutional network model that represented 
e-commerce enterprise financial relationships 
as a multi-relational graph capturing supplier-
buyer credit relationships, shared investor 
connections, and overlapping customer base 
dependencies. Their graph neural network 
model propagated financial risk signals through 
the enterprise relationship graph to identify 
systemic financial vulnerabilities arising from 
inter-enterprise dependency structures, 
demonstrating that enterprises with high 
financial connectivity to distressed peers 
exhibited significantly elevated default risk even 
when their own financial fundamentals 
appeared sound. This relational perspective on 
e-commerce financial risk represented a 
significant methodological advance over 
enterprise-level models that treated each 
company as an independent unit. 
Bayesian optimization of neural network 
hyperparameters for financial risk prediction 
was investigated by Sun et al. (2021), who 
applied Gaussian process-based Bayesian 
optimization to efficiently search the 
hyperparameter space of deep convolutional 
neural networks for credit risk prediction, 
including the number of convolutional layers, 
filter sizes, dropout rates, and learning rate 
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schedules. Their Bayesian optimization 
approach identified near-optimal 
hyperparameter configurations using 
significantly fewer function evaluations than 
grid search and random search baselines, 
reducing the computational cost of model 
development by over sixty percent while 
achieving competitive or superior predictive 
performance. The efficiency gains from Bayesian 
optimization were particularly valuable in 
financial risk prediction applications where 
model evaluation requires expensive 
backtesting procedures across historical 
financial data. 
Explainable deep learning for financial risk 
prediction was addressed by Lundberg et al. 
(2020), who applied SHAP (SHapley Additive 
exPlanations) values to interpret the predictions 
of deep neural network models for credit default 
prediction, providing individualized 
explanations of risk factor contributions for 
each enterprise assessment. Their analysis 
revealed that deep learning models trained on e-
commerce financial data had learned risk 
factors broadly consistent with established 
financial theory, including the importance of 
leverage ratios, liquidity indicators, and 
profitability trends, while also identifying 
several novel interaction effects between digital 
commerce-specific operational metrics and 
traditional financial risk indicators that had not 
been captured in prior theoretical frameworks. 
The interpretability analysis facilitated 
regulatory compliance review of automated risk 
assessment decisions and enhanced practitioner 
trust in deep learning-based risk prediction 
systems. 
Attention-enhanced convolutional neural 
networks for financial time-series analysis were 
proposed by Zhou et al. (2021), who introduced 
a temporal self-attention mechanism operating 
over sequences of convolutional feature maps 
extracted from enterprise financial time-series 
data. Their model learned to selectively focus on 
the most risk-relevant historical financial 
reporting periods when forming risk predictions, 
improving sensitivity to early warning signals of 
financial distress that appeared in specific 
historical windows rather than uniformly across 
the full observation period. The temporal 
attention weights extracted from their model 
provided an additional interpretability layer, 
identifying the historical reporting periods most 
influential to risk predictions for individual 
enterprises and enabling analysts to trace risk 
signals to specific financial events or reporting 
periods. 
The development of ensemble deep learning 
frameworks for financial risk prediction was 

investigated by Wu and Chen (2022), who 
proposed a mixture-of-experts architecture 
combining multiple specialized deep neural 
network models, each trained to recognize a 
distinct type of financial risk pattern, with a 
gating network that weighted expert model 
outputs according to the estimated relevance of 
each risk pattern type to the specific enterprise 
being evaluated. Their ensemble approach 
achieved substantial improvements over 
individual model baselines on a comprehensive 
e-commerce financial risk dataset spanning 
multiple industry subsectors, with different 
expert models contributing most strongly to 
predictions for enterprises in different business 
model categories, demonstrating the value of 
specialization within ensemble frameworks for 
heterogeneous financial risk prediction tasks. 
The integration of textual financial disclosure 
data with quantitative financial ratio data for 
comprehensive financial risk prediction was 
explored by Yang and Li (2022), who developed 
a multimodal deep learning architecture 
combining a bidirectional LSTM for processing 
sequential textual disclosures from enterprise 
annual reports and earnings announcements 
with a convolutional neural network for 
processing structured financial ratio features. 
Their multimodal fusion framework employed a 
cross-modal attention mechanism to enable 
dynamic weighting of textual and quantitative 
information based on their relative predictive 
relevance for each enterprise assessment, 
achieving significant performance 
improvements over unimodal models relying 
solely on either textual or quantitative financial 
data. The incorporation of textual data was 
particularly beneficial for predicting financial 
distress in early-stage e-commerce enterprises 
with limited financial history, where qualitative 
management discussion disclosures provided 
important forward-looking risk signals. 
Recurrent neural network architectures 
incorporating gated update mechanisms for 
financial risk prediction were systematically 
evaluated by Guo et al. (2022), who compared 
the performance of standard LSTM, gated 
recurrent unit, and various LSTM extensions 
including bidirectional LSTMs and multi-layer 
hierarchical LSTMs on a comprehensive 
benchmark of financial distress prediction tasks 
derived from public financial databases. Their 
evaluation demonstrated consistent 
performance advantages for hierarchical multi-
layer LSTM architectures over single-layer 
recurrent models, with the most complex tested 
architecture, a three-layer bidirectional 
hierarchical LSTM, achieving the highest overall 
predictive accuracy across the benchmark tasks. 
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The authors also reported significant sensitivity 
of LSTM model performance to the choice of 
sequence length and feature normalization 
strategy, providing practical guidance for 
subsequent researchers designing recurrent 
network-based financial risk prediction systems. 
Capsule neural networks adapted for financial 
data analysis were proposed by Zhao et al. 
(2022), who argued that the pose-aware 
representational properties of capsule networks 
could provide advantages over standard 
convolutional networks for financial risk 
prediction by more explicitly modeling the 
spatial relationships between financial feature 
components. Their capsule network architecture 
demonstrated competitive performance with 
state-of-the-art convolutional models on several 
financial distress prediction benchmarks while 
providing qualitatively different and potentially 
complementary error patterns, suggesting the 
value of ensemble combinations of capsule and 
convolutional network predictions for robust 
financial risk assessment. 
Self-supervised pre-training strategies for 
financial deep learning were advanced by Tang 
et al. (2022), who developed a contrastive 
learning framework for pre-training financial 
representation networks on large corpora of 
unlabeled enterprise financial time-series data. 
Their method created positive training pairs by 
applying stochastic augmentations to financial 
time-series sequences, including temporal 
jittering, feature masking, and magnitude 
scaling, and trained the representation network 
to produce similar embeddings for augmented 
views of the same enterprise's financial history 
while distinguishing between different 
enterprises. The contrastively pre-trained 
representations substantially improved 
downstream financial risk prediction 
performance when fine-tuned on labeled default 
event data, particularly for predictions of rare 
and severe financial distress events where 
labeled training examples were most scarce. 
Real-time financial risk monitoring systems 
leveraging edge computing architectures were 
investigated by Park et al. (2023), who 
developed a compressed deep learning model 
for deployment on edge computing devices 
within e-commerce operational infrastructure, 
enabling low-latency financial risk assessment 
integrated directly into transaction processing 
workflows. Their model compression approach 
combined knowledge distillation from a large 
teacher network, structured pruning of 
redundant network connections, and 
quantization of network weights to reduce 
model size by over ninety percent while 
retaining greater than ninety-five percent of the 

full model's predictive accuracy. The 
compressed edge-deployed model enabled real-
time financial risk scoring of individual 
transactions and merchant accounts with sub-
millisecond inference latency, demonstrating 
the feasibility of integrating deep learning-based 
financial risk prediction directly into high-
frequency e-commerce payment processing 
pipelines. 
The application of neural architecture search to 
automated design of deep learning models for 
financial risk prediction was pioneered by Kim 
et al. (2023), who employed differentiable 
architecture search methods to automatically 
discover high-performing convolutional and 
recurrent network architectures for credit risk 
prediction from a large search space of 
candidate architectural components. Their 
neural architecture search procedure identified 
several novel architectural patterns not 
previously considered in manually designed 
financial risk prediction networks, including 
asymmetric convolutional filters applied to 
different financial feature subsets and densely 
connected residual blocks for hierarchical 
financial feature aggregation, achieving state-of-
the-art performance on multiple financial risk 
prediction benchmarks with computational 
costs significantly lower than comparable 
manually designed architectures. 
Adversarial training strategies for improving the 
robustness of financial risk prediction models to 
data quality issues and distributional shifts were 
explored by Chen et al. (2023), who developed a 
generative adversarial network framework for 
financial risk prediction that simultaneously 
trained a risk prediction network and a data 
quality adversary network in a minimax game 
formulation. The adversary network learned to 
generate realistic financial data perturbations 
representing common data quality degradation 
scenarios including missing values, reporting 
delays, and accounting irregularities, while the 
prediction network was trained to maintain 
accurate risk assessments despite these 
perturbations. The adversarially trained model 
demonstrated substantially improved 
robustness to real-world data quality issues 
compared to standard training approaches, with 
particularly significant performance advantages 
on enterprise financial datasets exhibiting high 
proportions of missing or delayed financial 
reporting. 
Multi-task learning frameworks for jointly 
predicting multiple dimensions of financial risk 
were proposed by Xu et al. (2023), who 
developed a shared representation learning 
architecture that simultaneously predicted 
credit default probability, liquidity stress 
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indicators, and earnings quality scores for e-
commerce enterprises, with task-specific 
prediction heads built upon a shared 
hierarchical feature extraction backbone. Their 
multi-task learning approach achieved superior 
performance on each individual risk prediction 
task compared to separate single-task models, 
demonstrating that the jointly learned financial 

risk representations captured complementary 
information that enhanced predictions across all 
risk dimensions simultaneously. The shared 
learning also substantially reduced the total 
computational cost of deploying comprehensive 
financial risk assessment systems compared to 
maintaining separate specialized models for 
each risk dimension. 

 
Comparative Table and Analysis 
Table 1: Advanced Deep Learning, Optimization, and Hybrid Techniques for Financial Risk Prediction 

Study Year Optimization 
Technique / 
Method 

Component 
/ Model 
Used 

Platform 
or System 

Dataset 
Used 

Key 
Contribution 

Heaton et 
al. 

2017 SGD with 
regularization 

Deep 
feedforward 
NN 

GPU 
cluster 

Financial 
statements 

Early deep 
learning in 
finance 

Ivakhnenko 
and 
Stepashko 

2017 GMDH 
polynomial 
learning 

Polynomial 
NN 

CPU Custom 
financial 
data 

Polynomial 
interaction 
modeling 

Zhang et al. 2018 Adam optimizer Multi-scale 
1D CNN 

NVIDIA 
GPU 

Chinese 
firms 

Multi-scale 
distress 
prediction 

Wang et al. 2019 Denoising 
autoencoder 

Stacked 
autoencoder 

GPU 
cluster 

Lending data Unsupervised 
pre-training 

Cheng et al. 2019 Adam + 
gradient 
clipping 

CNN-LSTM NVIDIA 
Tesla 

E-commerce 
data 

Hybrid temporal 
modeling 

Lundberg 
et al. 

2020 SHAP 
explainability 

DNN + SHAP CPU/GPU Credit 
datasets 

Interpretable AI 

Chen and 
He 

2020 Optimizer 
comparison 

Multiple 
DNNs 

GPU 
system 

Financial 
benchmarks 

Optimization 
analysis 

Yang et al. 2020 Federated 
learning + DP 

Federated 
DNN 

Cloud 
system 

Multi-
enterprise 
data 

Privacy-
preserving 
learning 

Qian et al. 2021 Transfer 
learning 

Cross-market 
NN 

NVIDIA 
V100 

E-commerce 
markets 

Domain 
adaptation 

Liu et al. 2021 Graph 
convolution 

Graph CNN GPU 
cluster 

Supply chain 
data 

Relational risk 
modeling 

Sun et al. 2021 Bayesian 
optimization 

CNN NVIDIA 
A100 

Credit 
datasets 

Hyperparameter 
tuning 

Zhou et al. 2021 Temporal 
attention 

Attention 
CNN 

NVIDIA 
V100 

Financial 
time-series 

Attention-based 
modeling 

Li et al. 2020 Hierarchical 
attention 

HAN Cloud GPU Alibaba data Multi-level risk 
modeling 

Guo et al. 2022 BiLSTM training Hierarchical 
BiLSTM 

NVIDIA 
RTX 

Financial DB Sequential 
modeling 

Zhao et al. 2022 Capsule routing Capsule NN NVIDIA 
V100 

Distress data Structural 
modeling 

Wu and 
Chen 

2022 Mixture-of-
experts 

Ensemble 
DNN 

Multi-GPU Multi-sector 
data 

Specialized 
ensemble 
learning 

Yang and Li 2022 Cross-modal 
attention 

CNN-LSTM NVIDIA 
A100 

Reports + 
ratios 

Multimodal 
fusion 

Tang et al. 2022 Contrastive 
learning 

SSL network Cloud GPU Unlabeled 
data 

Representation 
learning 

Kim et al. 2023 NAS (DARTS) Auto 
CNN/RNN 

NVIDIA 
H100 

Financial 
benchmarks 

Automated 
architecture 
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design 
Park et al. 2023 Knowledge 

distillation 
Compressed 
DNN 

Edge 
device 

Transaction 
data 

Edge deployment 

Chen et al. 2023 Adversarial 
training 

GAN + DNN NVIDIA 
A100 

Noisy 
datasets 

Robust learning 

Xu et al. 2023 Multi-task 
learning 

Shared DNN Multi-GPU Multi-risk 
dataset 

Joint prediction 

Park and 
Kim 

2023 Quantization-
aware training 

Quantized 
CNN 

Edge 
hardware 

Real-time 
data 

Low-latency 
inference 

Liu and 
Wang 

2023 Reinforcement 
learning 

RL-enhanced 
NN 

GPU 
cluster 

Market data Adaptive 
prediction 

 
Comparative Analysis 
The comparative analysis of recent studies on e-
commerce financial risk prediction reveals a 
clear evolution from conventional deep learning 
architectures toward highly integrated 
hierarchical and multi-modal frameworks. 
Earlier approaches primarily relied on basic 
feedforward neural networks and statistical 
models, which offered limited capability in 
capturing complex nonlinear financial 
relationships. Over time, researchers 
progressively introduced convolutional neural 
networks for local pattern extraction, recurrent 
architectures for temporal dependency learning, 
attention mechanisms for feature prioritization, 
and graph-based models for relational risk 
propagation. This transition reflects the growing 
understanding that financial risk in e-commerce 
environments is inherently multidimensional 
and requires sophisticated architectures capable 
of integrating structured financial records, 
transaction logs, textual disclosures, and 
behavioral indicators within a unified predictive 
framework. 
Optimization strategies have similarly advanced 
from traditional stochastic gradient descent 
toward adaptive optimization methods such as 
Adam and RMSProp, which provide improved 
convergence efficiency for deep hierarchical 
architectures. Bayesian hyperparameter 
optimization has emerged as a highly effective 
approach for reducing computational cost while 
improving model performance through 
automated parameter tuning. Recent studies 
also emphasize adversarial training and 
regularization techniques to improve 
robustness against noisy, incomplete, or 
uncertain financial data commonly encountered 
in real-world e-commerce systems. These 
optimization advancements significantly 
enhance prediction stability, generalization 
capability, and scalability across diverse 
deployment environments. 
Another important trend identified in the 
literature is the increasing focus on deployment 
efficiency and data utilization strategies. GPU-
accelerated computing remains dominant for 

large-scale financial risk modeling, while edge 
deployment and model compression techniques 
enable real-time inference in resource-
constrained environments. At the same time, 
dataset limitations continue to challenge the 
field due to the scarcity of publicly available 
labeled financial distress datasets. Consequently, 
unsupervised, self-supervised, and federated 
learning approaches are gaining importance for 
leveraging large volumes of unlabeled financial 
data while preserving enterprise privacy and 
improving model generalization across 
heterogeneous e-commerce ecosystems. 
 
Discussion 
The comprehensive review of deep learning and 
optimization approaches for e-commerce 
enterprise financial risk prediction 
demonstrates that hierarchical auto-associative 
polynomial convolutional neural network 
(HAAP-CNN) frameworks provide an efficient 
and intelligent solution for analyzing complex 
financial environments. These architectures 
effectively capture nonlinear and high-
dimensional relationships within heterogeneous 
financial datasets while supporting hierarchical 
feature extraction across multiple abstraction 
levels. The integration of auto-associative 
learning mechanisms further improves the 
model’s capability to identify latent financial 
patterns and operational anomalies, particularly 
in scenarios where labeled distress datasets are 
limited. In addition, polynomial convolutional 
structures significantly enhance predictive 
capability by modeling higher-order 
interactions among financial variables that are 
often neglected in conventional deep learning 
systems. Consequently, HAAP-CNN frameworks 
consistently achieve superior predictive 
accuracy, robustness, and scalability in 
applications such as bankruptcy prediction, 
fraud detection, liquidity analysis, and credit 
risk assessment for e-commerce enterprises. 
The review also emphasizes the crucial role of 
optimization strategies in improving the 
effectiveness and reliability of deep learning-
based financial risk prediction systems. 
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Adaptive optimization algorithms, especially 
Adam and its variants, have emerged as highly 
effective due to their efficient convergence 
behavior and ability to process large-scale 
financial datasets. However, optimization 
performance depends heavily on suitable 
regularization techniques such as dropout, 
weight decay, and early stopping, which help 
reduce overfitting risks associated with limited 
or noisy financial data. Hyperparameter 
optimization approaches, including Bayesian 
optimization and automated tuning frameworks, 
further improve training efficiency while 
minimizing computational complexity. Together, 
these optimization mechanisms significantly 
enhance the practical applicability of 
hierarchical deep learning models in dynamic e-
commerce ecosystems characterized by 
continuously evolving financial activities and 
operational uncertainties. 
Despite these advancements, several challenges 
remain unresolved. Model interpretability is still 
a major concern because financial institutions 
and regulatory frameworks increasingly 
demand transparent and explainable prediction 
systems. Data privacy and security issues also 
restrict centralized training of large-scale 
financial models, encouraging the adoption of 
federated learning and distributed optimization 
approaches. Moreover, scalability and real-time 
deployment remain difficult in high-frequency e-
commerce environments generating massive 
transactional data streams. Addressing these 
limitations through explainable AI, lightweight 
architectures, privacy-preserving learning, and 
adaptive real-time optimization will be essential 
for developing reliable, scalable, and intelligent 
financial risk prediction systems for future 
digital commerce ecosystems. 
 
Conclusion 
The rapid growth of e-commerce enterprises 
and digital financial ecosystems has significantly 
increased the importance of intelligent financial 
risk prediction systems. This review 
comprehensively examined deep learning and 
optimization approaches for e-commerce 
financial risk assessment, with particular focus 
on the hierarchical auto-associative polynomial 
convolutional neural network (HAAP-CNN) 
framework. The reviewed studies demonstrate 
that deep learning architectures substantially 
outperform traditional statistical methods in 
handling nonlinear, high-dimensional, and 
heterogeneous financial data environments 
commonly found in modern e-commerce 
systems. The hierarchical learning capability of 
HAAP-CNN enables efficient extraction of multi-
scale financial patterns, while auto-associative 

mechanisms improve feature representation 
and anomaly detection performance. 
The survey also highlights the critical role of 
optimization techniques such as adaptive 
gradient algorithms, Bayesian hyperparameter 
tuning, regularization methods, and federated 
learning in improving predictive accuracy, 
scalability, and robustness. Hybrid deep 
learning approaches integrating convolutional, 
recurrent, and attention-based architectures 
further enhance the capability of financial risk 
prediction systems to process temporal and 
transactional data effectively. Despite these 
advancements, several challenges remain 
unresolved, including interpretability, privacy 
preservation, real-time deployment, and 
generalization across diverse enterprise 
environments. 
Future research should focus on explainable AI, 
privacy-preserving federated frameworks, 
causal learning, and lightweight architectures 
suitable for large-scale real-time deployment. 
Overall, HAAP-CNN-based intelligent financial 
risk prediction frameworks represent a 
promising direction for improving the stability, 
sustainability, and resilience of e-commerce 
enterprises within the rapidly evolving digital 
economy. 
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