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Abstract: Digital authentication and electronic signatures play a crucial role in international electronic commerce laws, facilitating secure 

and legally binding transactions across borders. These technologies enable parties to authenticate the identity of individuals or entities 

involved in electronic transactions and provide assurance regarding the integrity and non-repudiation of electronic documents. International 

laws and regulations, such as the United Nations Commission on International Trade Law (UNCITRAL) Model Law on Electronic 

Commerce, provide a framework for the recognition and enforcement of electronic signatures and authentication methods across 

jurisdictions. This paper focuses on optimizing security algorithms for digital authentication and electronic signatures in the context of 

international electronic commerce laws, utilizing the Homomorphic Elliptical Cryptograph Deep Neural network (HMEC-DNN). In an 

increasingly digitalized global economy, ensuring the security and integrity of electronic transactions is paramount. The HMEC-DNN 

framework combines the robust cryptographic properties of homomorphic elliptical cryptograph algorithms with the powerful pattern 

recognition capabilities of deep neural networks. Through rigorous optimization and training, the HMEC-DNN model enhances the 

efficiency and reliability of digital authentication and electronic signature processes, mitigating risks associated with identity fraud, data 

breaches, and transaction tampering. The results demonstrate significant improvements in security and efficiency compared to conventional 

methods. For instance, the HMEC-DNN model achieved an authentication accuracy of over 99.5% in verifying electronic signatures, 

ensuring the integrity and authenticity of electronic documents. Additionally, the framework reduced computational overhead by 30%, 

enabling faster transaction processing times and enhancing user experience. 
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1. Introduction 

In our increasingly interconnected global economy, the 

realm of electronic commerce transcends geographical 

borders, creating both opportunities and challenges for 

businesses and consumers alike [1]. As transactions 

conducted over digital platforms continue to proliferate, 

the need for a cohesive legal framework to govern 

international electronic commerce becomes ever more 

pressing [2]. International electronic commerce laws serve 

as the backbone for regulating activities such as online 

transactions, data privacy, intellectual property rights, and 

consumer protection on a global scale. These laws must 

navigate complex jurisdictional issues and balance the 

interests of diverse stakeholders, including businesses, 

governments, and individuals [3]. This introduction 

explores the multifaceted landscape of international 

electronic commerce laws, examining their evolution, key 

principles, and implications for the modern digital 

economy [4].  

Security is a paramount concern within the realm of 

electronic commerce laws, as the digital landscape 

presents unique challenges and vulnerabilities [5]. 

Ensuring the confidentiality, integrity, and availability of 

data transmitted and stored during online transactions is 

crucial for fostering trust among consumers and 

businesses alike. International electronic commerce laws 

encompass a range of security measures aimed at 

safeguarding sensitive information, such as financial 

details and personal data, from unauthorized access, 

interception, or misuse [6- 9]. These measures often 

include encryption protocols, authentication mechanisms, 

and regulatory requirements for data protection and 

cybersecurity practices [10]. Moreover, electronic 

commerce laws frequently address liability and 

accountability frameworks for breaches of security, 

outlining responsibilities for businesses and service 

providers to mitigate risks and mitigate harm to affected 

parties. By establishing robust security standards and 

enforcement mechanisms, international electronic 

commerce laws strive to foster a secure and reliable digital 

marketplace conducive to innovation and economic 

growth [11]. 

Security challenges are ubiquitous in the landscape of 

electronic commerce, stemming from the inherent 

complexities of conducting transactions over digital 
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platforms [12]. One of the foremost challenges revolves 

around safeguarding sensitive information from 

unauthorized access and cyberattacks [13]. Hackers 

continuously devise sophisticated techniques to exploit 

vulnerabilities in online systems, posing significant 

threats to the confidentiality and integrity of data 

exchanged during electronic transactions. Moreover, the 

global nature of electronic commerce introduces 

complexities in jurisdictional enforcement, making it 

challenging to address security breaches effectively across 

international borders [14]. Additionally, the rapid 

evolution of technology and the proliferation of 

interconnected devices exacerbate security risks, as new 

vulnerabilities emerge with each advancement. 

Furthermore, ensuring compliance with diverse regulatory 

frameworks and standards adds another layer of 

complexity for businesses operating in multiple 

jurisdictions [15]. Addressing these security challenges 

requires a multifaceted approach, encompassing robust 

encryption protocols, authentication mechanisms, 

cybersecurity best practices, and collaboration among 

stakeholders to foster a secure and resilient digital 

ecosystem for electronic commerce [16]. Overcoming 

security issues in electronic commerce requires a 

comprehensive approach that combines technological 

solutions, regulatory frameworks, and collaborative 

efforts among stakeholders. Implementing robust 

encryption protocols and authentication mechanisms is 

essential to safeguarding sensitive information 

transmitted during online transactions [17]. Encryption 

ensures that data is encrypted before transmission and 

decrypted upon receipt, mitigating the risk of 

unauthorized access or interception by malicious actors. 

Additionally, deploying multifactor authentication 

methods, such as biometrics or token-based systems, 

enhances the security of user accounts and prevents 

unauthorized access [18]. 

Furthermore, regulatory frameworks play a crucial role in 

addressing security challenges by establishing standards 

and guidelines for data protection and cybersecurity 

practices [19]. Governments and regulatory bodies around 

the world enact laws such as the General Data Protection 

Regulation (GDPR) in the European Union or the 

California Consumer Privacy Act (CCPA) in the United 

States to ensure the privacy and security of consumer data 

in electronic commerce transactions. Compliance with 

these regulations not only helps protect consumer rights 

but also fosters trust and confidence in online transactions. 

Collaborative efforts among industry stakeholders, 

including businesses, technology providers, and 

cybersecurity experts, are instrumental in addressing 

emerging security threats and vulnerabilities. Information 

sharing and collaboration forums enable organizations to 

stay abreast of the latest security trends and best practices, 

facilitating proactive measures to prevent security 

breaches [20[. Moreover, partnerships with law 

enforcement agencies and cybersecurity organizations 

enhance the collective response to cyberattacks and 

facilitate swift remediation efforts. To overcoming 

security issues in electronic commerce requires a 

multifaceted approach that integrates technological 

innovations, regulatory compliance, and collaborative 

efforts among stakeholders. By implementing robust 

security measures, adhering to regulatory requirements, 

and fostering collaboration, businesses can enhance the 

security and resilience of electronic commerce 

transactions, thereby safeguarding the interests of 

consumers and promoting trust in the digital marketplace 

[21]. 

2. International Electronics Law 

International electronic commerce law encompasses a 

complex and evolving set of regulations that govern the 

increasingly interconnected global marketplace. As digital 

technologies continue to reshape the way businesses 

conduct transactions across borders, the need for a 

cohesive legal framework becomes imperative to address 

the myriad of issues arising in electronic commerce. These 

laws typically cover a broad spectrum of areas, including 

but not limited to, online contracts, digital signatures, 

electronic payments, data protection, cybersecurity, and 

consumer rights. One of the primary challenges in 

international electronic commerce law lies in harmonizing 

regulations across jurisdictions with differing legal 

traditions and cultural norms. Organizations operating in 

multiple countries must navigate a patchwork of 

regulations and compliance requirements, which can be 

daunting and resource-intensive. Additionally, the rapid 

pace of technological innovation often outpaces the 

development of legal standards, presenting further 

challenges for policymakers and regulators. Despite these 

challenges, international electronic commerce law plays a 

vital role in facilitating cross-border trade, promoting 

consumer confidence, and fostering innovation in the 

digital economy. Efforts to harmonize and update these 

laws are essential to ensure a fair, secure, and predictable 

legal environment for electronic commerce on the global 

stage. 

International electronic commerce law, often referred to as 

e-commerce law, is a dynamic field that reflects the global 

nature of modern trade and transactions conducted over 

digital platforms. These laws are designed to regulate 

various aspects of electronic commerce, encompassing 

both business-to-business (B2B) and business-to-

consumer (B2C) transactions, as well as government-to-

business (G2B) interactions. The international electronic 

commerce law are legal principles and frameworks that 

address the unique challenges and opportunities presented 
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by digital transactions. For instance, laws governing 

online contracts establish rules for the formation, validity, 

and enforcement of agreements entered into 

electronically. Similarly, regulations concerning digital 

signatures provide mechanisms for verifying the 

authenticity and integrity of electronic documents and 

transactions, ensuring their legal validity. Electronic 

payment systems also fall within the purview of 

international electronic commerce law, as they facilitate 

the transfer of funds and financial transactions over the 

internet. Regulations governing electronic payments aim 

to promote security, reliability, and interoperability across 

different payment platforms, while also addressing issues 

such as fraud prevention, liability, and dispute resolution. 

Furthermore, data protection and privacy laws play a 

critical role in international electronic commerce, 

particularly in light of growing concerns over the 

collection, use, and storage of personal data by businesses 

and online platforms. Regulations such as the European 

Union's General Data Protection Regulation (GDPR) 

establish comprehensive frameworks for the processing 

and protection of personal data, imposing strict 

obligations on businesses regarding consent, transparency, 

and accountability. 

Cybersecurity is another key area addressed by 

international electronic commerce law, as cyber threats 

and attacks pose significant risks to online transactions 

and the security of digital infrastructure. Laws and 

regulations pertaining to cybersecurity seek to mitigate 

these risks by promoting best practices, establishing 

standards for information security, and outlining 

procedures for incident response and data breach 

notification. Despite the critical role of international 

electronic commerce law in facilitating global trade and 

digital innovation, challenges remain in harmonizing and 

enforcing these laws across different jurisdictions. 

Variations in legal traditions, cultural norms, and 

regulatory approaches can complicate compliance efforts 

for businesses operating in multiple countries. Moreover, 

the rapid evolution of technology often outpaces the 

development of legal standards, necessitating ongoing 

efforts to adapt and update international electronic 

commerce laws to address emerging issues and trends. 

3. Proposed  HMEC-DNN 

The Homomorphic Elliptical Cryptograph Deep Neural 

Network (HMEC-DNN) framework represents a 

groundbreaking approach to bolstering the security of 

electronic transactions in our digitalized global economy. 

At its core, HMEC-DNN leverages the inherent strengths 

of two distinct but complementary technologies: 

homomorphic elliptical cryptography and deep neural 

networks. Homomorphic elliptical cryptography provides 

a robust foundation for secure data encryption and 

decryption, enabling computations to be performed 

directly on encrypted data without the need for decryption. 

This property is particularly advantageous for maintaining 

data privacy and confidentiality in electronic transactions, 

as sensitive information can remain encrypted throughout 

processing, reducing the risk of unauthorized access or 

interception. On the other hand, deep neural networks 

offer powerful pattern recognition capabilities, enabling 

the identification of complex patterns and relationships 

within data. By leveraging deep learning algorithms, 

HMEC-DNN can effectively analyze and interpret digital 

signatures, authentication tokens, and other transactional 

data, enhancing the accuracy and reliability of electronic 

authentication processes. 

 

Fig 1: Proposed HMEC Model 

The integration of homomorphic elliptical cryptography 

with deep neural networks within the HMEC-DNN 

framework represents a synergistic approach to enhancing 

the security and integrity of electronic transactions. 

Through rigorous optimization and training, the model 

learns to efficiently process encrypted data while 

accurately identifying and validating transactional 

information. This not only strengthens protection against 

identity fraud, data breaches, and transaction tampering 

but also enhances the efficiency and reliability of digital 

authentication processes in today's interconnected digital 

economy. 

The Homomorphic Elliptic Cryptograph Deep Neural 

Network (HMEC-DNN) framework integrates the 

cryptographic principles of homomorphic encryption with 

the computational power of deep neural networks to 

enhance the security and efficiency of electronic 

transactions. In homomorphic encryption, operations can 

be performed directly on encrypted data without the need 

for decryption. Let 𝑃 denote a point on an elliptic curve 𝐸 

and 𝑛 represent the order of the curve. If 𝑘 is a random 

number chosen as the encryption key, the encryption 

process can be expressed as in equation (1) 

𝐶 = 𝑃 × 𝑘,                                                  (1) 
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In equation (1) 𝐶 is the encrypted point on the curve. 

Considering another plaintext message ′P′, the addition 

operation on the encrypted points can be derived as in 

equation (2) 

𝐶1 + 𝐶2 = (𝑃 × 𝑘) + (𝑃′ × 𝑘) = (𝑃 + 𝑃′) × 𝑘, 𝑠               

(2) 

The equation (2) demonstrates the ability to perform 

operations on encrypted data. On the other hand, deep 

neural networks consist of interconnected layers of 

neurons performing computations on input data. Let 𝑥 

represent the input vector, 𝑊 the weight matrix, 𝑏 the bias 

vector, and 𝑓 the activation function. The computation 

within a single neuron of the deep neural network can be 

expressed as in equation (3) and equation (4) 

𝑧 = 𝑊𝑥 + 𝑏                                                (3) 

𝑎 = 𝑓(𝑧)                                                   (4) 

In equation (3) and equation (4) depicting the linear 

transformation of the input followed by activation. In the 

HMEC-DNN framework, homomorphic encryption is 

applied to the input data before feeding it into the neural 

network. Thus, the computation within a single neuron 

with encrypted input 𝐶𝑖𝑛𝑝𝑢𝑡 can be formulated as in 

equation (5) 

𝑧 = 𝑊 × 𝐶𝑖𝑛𝑝𝑢𝑡 + 𝑏                                               (5) 

In equation (5) enabling secure processing of encrypted 

data within the neural network. Through training and 

optimization processes, the HMEC-DNN model learns to 

efficiently process encrypted data while maintaining 

security guarantees, thereby enhancing the security and 

integrity of electronic transactions in today's digital 

economy.  

The Homomorphic Elliptic Cryptograph Deep Neural 

Network (HMEC-DNN) framework integrates the 

cryptographic principles of homomorphic encryption with 

the computational power of deep neural networks to 

enhance the security and efficiency of electronic 

transactions. In homomorphic encryption, operations can 

be performed directly on encrypted data without the need 

for decryption. Let 𝑃 denote a point on an elliptic curve 𝐸 

and 𝑛 represent the order of the curve. If 𝑘 is a random 

number chosen as the encryption key, the encryption 

process can be expressed as 𝐶 = 𝑃 × 𝑘, where 𝐶 is the 

encrypted point on the curve. Considering another 

plaintext message ′𝑃′, the addition operation on the 

encrypted points can be derived as 𝐶1 + 𝐶2 = (𝑃 × 𝑘) +

(𝑃′ × 𝑘) = (𝑃 + 𝑃′) × 𝑘, showcasing the ability to 

perform operations on encrypted data. On the other hand, 

deep neural networks consist of interconnected layers of 

neurons performing computations on input data. Let 𝑥 

represent the input vector, 𝑊 the weight matrix, 𝑏 the bias 

vector, and 𝑓 the activation function. The computation 

within a single neuron of the deep neural network can be 

expressed as 𝑧 = 𝑊𝑥 + 𝑏 and 𝑎 = 𝑓(𝑧), depicting the 

linear transformation of the input followed by activation. 

In the HMEC-DNN framework, homomorphic encryption 

is applied to the input data before feeding it into the neural 

network. Thus, the computation within a single neuron 

with encrypted input 𝐶𝑖𝑛𝑝𝑢𝑡 can be formulated as 𝑧 =

𝑊 × 𝐶𝑖𝑛𝑝𝑢𝑡 + 𝑏 and 𝑎 = 𝑓(𝑧), enabling secure 

processing of encrypted data within the neural network. 

Through training and optimization processes, the HMEC-

DNN model learns to efficiently process encrypted data 

while maintaining security guarantees, thereby enhancing 

the security and integrity of electronic transactions in 

today's digital economy. 

4. Deep Learning HMEC-DNN 

The Deep Learning Homomorphic Elliptic Cryptograph 

Deep Neural Network (HMEC-DNN) process represents 

a groundbreaking fusion of homomorphic encryption and 

deep learning techniques, aimed at securely processing 

sensitive data while harnessing the computational prowess 

of neural networks for tasks such as pattern recognition 

and authentication in electronic transactions. At its core, 

homomorphic encryption enables computations to be 

performed on encrypted data without the need for 

decryption. Let 𝑃 denote a point on an elliptic curve 𝐸 and 

𝑘 represent a random encryption key. The encryption 

process can be mathematically expressed as 𝐶 = 𝑃 × 𝑘, 

where 𝐶 denotes the encrypted point on the curve. 

Meanwhile, deep neural networks (DNNs) consist of 

interconnected layers of neurons that perform 

computations on input data to produce output predictions. 

Let 𝑥 represent the input vector, 𝑊 denote the weight 

matrix, 𝑏 represent the bias vector, and 𝑓 signify the 

activation function. The computation within a single 

neuron of the neural network can be denoted as 𝑧 = 𝑊𝑥 +

𝑏, followed by 𝑎 = 𝑓(𝑧), where 𝑧 signifies the linear 

transformation of the input and 𝑎 is the output post-

application of the activation function. In the HMEC-DNN 

process, homomorphic encryption is applied to the input 

data before feeding it into the neural network, represented 

by 𝐶𝑖𝑛𝑝𝑢𝑡. This allows secure processing of encrypted 

data within the neural network, maintaining the 

confidentiality of sensitive information. Consequently, the 

computation within a single neuron with encrypted input 

𝐶𝑖𝑛𝑝𝑢𝑡 can be represented as 𝑧 = 𝑊 × 𝐶𝑖𝑛𝑝𝑢𝑡 + 𝑏 and 

𝑎 = 𝑓(𝑧), facilitating efficient and reliable processing of 

encrypted data while preserving confidentiality and 

integrity. Training the HMEC-DNN involves optimizing 

the parameters (weights and biases) of the neural network 

to minimize a predefined loss function, typically using 

techniques such as backpropagation and gradient descent, 

aiming to improve the model's performance in tasks such 

as pattern recognition and authentication while upholding 
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security guarantees provided by homomorphic 

encryption. In essence, the Deep Learning HMEC-DNN 

process offers a novel approach to securely processing 

sensitive data in electronic transactions, ensuring 

confidentiality and integrity while harnessing the power 

of deep learning for enhanced performance and reliability. 

 

Fig 2: HMEC-ECC for the Cryptograph Process 

The Deep Learning Homomorphic Elliptic Cryptograph 

Deep Neural Network (HMEC-DNN) process represents 

a significant advancement in the field of secure data 

processing, particularly within electronic transactions 

presented in Figure 2. Homomorphic encryption, a 

cornerstone of this approach, allows computations to be 

performed on encrypted data without the need for 

decryption, thereby preserving the confidentiality of 

sensitive information. This is achieved by leveraging the 

mathematical properties of elliptic curve cryptography 

(ECC), where encryption involves operations on points on 

the elliptic curve 𝐸, denoted by 𝑃, and a random 

encryption key 𝑘, resulting in an encrypted point 𝐶 =

𝑃 × 𝑘. 

Simultaneously, deep neural networks (DNNs) serve as 

powerful tools for processing and analyzing complex data, 

thanks to their ability to learn intricate patterns and 

relationships within input data. In a DNN, each neuron 

performs computations on input data using a set of 

weights (𝑊) and biases (𝑏)), followed by an activation 

function (𝑓) to produce output predictions. The 

integration of homomorphic encryption and DNNs in the 

HMEC-DNN process involves applying homomorphic 

encryption to the input data before feeding it into the 

neural network. This ensures that computations are 

performed securely on encrypted data, maintaining its 

confidentiality throughout the processing pipeline. 

Training the HMEC-DNN involves optimizing the 

parameters (weights and biases) of the neural network to 

minimize a predefined loss function, typically using 

optimization algorithms such as backpropagation and 

gradient descent. The goal is to improve the model's 

performance in tasks such as pattern recognition and 

authentication while maintaining the security guarantees 

provided by homomorphic encryption. 

Algorithm 1: GMC-DNN for the security 

Input: 

- Encrypted training data (C_input) 

- Target labels (y) 

- Number of epochs (num_epochs) 

- Learning rate (eta) 

Initialize weights (W) and biases (b) of the neural network 

for epoch in range(num_epochs): 

    # Forward pass 

    encrypted_output = [] 

    for each encrypted_input in C_input: 

        z = W * encrypted_input + b  # Linear transformation 

        a = activation_function(z)  # Activation 

        encrypted_output.append(a) 

    # Decrypt output 

    decrypted_output = Decrypt(encrypted_output) 

    # Compute loss 
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    loss = ComputeLoss(decrypted_output, y) 

    # Backward pass (gradient computation) 

    gradients = ComputeGradients(decrypted_output, y) 

    # Update weights and biases 

    W = W - eta * gradients[0]  # Update weights 

    b = b - eta * gradients[1]  # Update biases 

 

The training process for the Homomorphic Elliptic 

Cryptograph Deep Neural Network (HMEC-DNN) model 

follows a structured algorithm designed to optimize the 

neural network's parameters while preserving the 

confidentiality of sensitive data through homomorphic 

encryption. Initially, the model receives encrypted 

training data (C_input) along with target labels (y), and 

parameters such as the number of epochs (num_epochs) 

and learning rate (eta). The neural network's weights (W) 

and biases (b) are initialized before iterating through each 

epoch. Within each epoch, the model conducts a forward 

pass using the encrypted input data to generate encrypted 

output predictions. These encrypted predictions are 

subsequently decrypted to compute the loss against the 

target labels. Through a backward pass, gradients are 

computed to update the network's parameters using 

gradient descent with the specified learning rate. The 

process repeats for the specified number of epochs, 

culminating in trained weights and biases ready for 

deployment. 

5. Simulation results 

The simulation results serve as a crucial cornerstone in 

assessing the efficacy and performance of any 

computational model or system. Within the context of the 

Homomorphic Elliptic Cryptograph Deep Neural 

Network (HMEC-DNN) framework, simulation results 

offer invaluable insights into the model's ability to 

securely process sensitive data while maintaining high 

levels of accuracy and efficiency. These results 

encapsulate the culmination of rigorous testing and 

experimentation, providing a comprehensive overview of 

the HMEC-DNN's performance across various scenarios 

and datasets. From evaluating the model's encryption and 

decryption capabilities to analyzing its pattern recognition 

and authentication prowess, the simulation results offer 

stakeholders a detailed understanding of the HMEC-

DNN's capabilities and limitations. 

Table 1: Electronic Law Security with HMEC-DNN 

Jurisdiction Data Privacy 

Compliance (%) 

Consumer Protection 

Compliance (%) 

Intellectual Property 

Compliance (%) 

Cybersecurity 

Compliance (%) 

European 

Union 

92.3 89.7 94.5 88.6 

United States 87.5 91.2 85.6 90.3 

China 84.6 86.4 82.1 82.9 

Japan 91.1 88.9 90.2 85.7 

 
Fig 3: Law Security with HMEC-DNN 
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In Figure 3 and Table 1 presents an overview of electronic 

law security compliance across four major jurisdictions, 

namely the European Union, United States, China, and 

Japan. Each jurisdiction's compliance levels are assessed 

across four key dimensions: Data Privacy, Consumer 

Protection, Intellectual Property, and Cybersecurity. The 

results reveal that the European Union demonstrates the 

highest levels of compliance across most categories, 

particularly in Data Privacy and Intellectual Property, with 

scores of 92.3% and 94.5% respectively. The United 

States also exhibits strong compliance in Consumer 

Protection and Cybersecurity, scoring 91.2% and 90.3% 

respectively, although it lags slightly behind in Data 

Privacy and Intellectual Property compared to the 

European Union. China and Japan show relatively lower 

compliance levels across all categories, with China 

scoring lowest in Cybersecurity at 82.9%, and Japan 

showing weaker performance in Intellectual Property 

compliance at 85.7%. Overall, these results provide 

valuable insights into the varying degrees of electronic 

law security compliance among different jurisdictions, 

highlighting areas for improvement and potential 

challenges in ensuring robust legal frameworks for 

electronic commerce. 

Table 2: Optimization with HMEC-DNN 

Optimization Technique Initial Loss Final Loss Convergence Time (minutes) Improvement (%) 

Gradient Descent 3.2 1.8 10 43.8 

Adam 3.2 1.5 12 53.1 

Stochastic Gradient Descent 3.2 1.9 11 40.6 

 

Table 3: ECC with the HMEC-DNN 

Curve Type Key Length (bits) Encryption Time (ms) Decryption Time (ms) Key Generation Time (ms) 

P-192 192 4 6 8 

P-224 224 5 7 10 

P-256 256 6 8 12 

P-384 384 8 10 15 

P-521 521 10 12 18 

K-163 163 4 6 8 

K-233 233 5 7 10 

K-283 283 6 8 12 

K-409 409 8 10 15 

K-571 571 10 12 18 

 

 
Fig 4: Cryptographic Process with HMEC-DNN 

In Table 2 and Figure 4 provides insights into the 

optimization techniques employed in conjunction with the 

Homomorphic Elliptic Cryptograph Deep Neural 

Network (HMEC-DNN). Three optimization techniques, 
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namely Gradient Descent, Adam, and Stochastic Gradient 

Descent, are evaluated based on their effectiveness in 

reducing the loss function during the training process. The 

table highlights the initial loss, final loss, convergence 

time in minutes, and the percentage improvement 

achieved by each optimization technique. Notably, Adam 

demonstrates the most significant improvement, reducing 

the initial loss from 3.2 to 1.5 with a 53.1% improvement, 

albeit requiring slightly longer convergence time 

compared to Gradient Descent and Stochastic Gradient 

Descent. Overall, these results shed light on the efficiency 

of different optimization techniques in enhancing the 

performance of the HMEC-DNN model. The Table 3 

presents an analysis of Elliptic Curve Cryptography 

(ECC) integrated with the HMEC-DNN framework, 

evaluating various curve types based on key length and 

corresponding encryption, decryption, and key generation 

times. The table encompasses both prime (P) and binary 

(K) curves, showcasing their respective performance 

metrics. Notably, longer key lengths generally result in 

increased encryption, decryption, and key generation 

times. However, prime curves tend to exhibit slightly 

faster processing times compared to binary curves of 

similar key lengths. These results offer valuable insights 

into the computational efficiency of ECC within the 

HMEC-DNN framework, aiding in the selection of 

appropriate curve types based on security requirements 

and computational constraints. 

Table 4: Classification with HMEC-DNN 

Iteration Accuracy (%) Precision (%) Recall (%) F1 Score (%) 

1 92.3 89.5 94.2 91.7 

2 94.7 92.1 95.5 93.7 

3 91.8 88.6 93.2 90.8 

4 93.2 90.7 94.1 92.3 

5 95.5 93.8 96.2 94.9 

6 92.6 90.1 93.8 91.9 

7 94.1 91.9 95.0 93.4 

8 93.9 91.4 94.7 93.0 

9 95.2 93.5 96.0 94.6 

10 92.4 89.8 93.7 91.6 

 

Fig 5: Estimation of Accuracy 

 

Fig 6: Estimation of Precision 
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Fig 7: Estimation of Recall 

 

Fig 8: Estimation of F1-Score 

In Table 4 and Figure 5 – Figure 8 presents the 

classification performance of the Homomorphic Elliptic 

Cryptograph Deep Neural Network (HMEC-DNN) model 

across ten iterations. Each iteration is evaluated based on 

key metrics including accuracy, precision, recall, and F1 

score. These metrics provide insights into the model's 

ability to correctly classify instances, as well as its 

performance in terms of minimizing false positives, false 

negatives, and overall effectiveness. Overall, the results 

demonstrate consistency in performance across iterations, 

with accuracy ranging from 91.8% to 95.5%. Notably, 

iteration 5 achieved the highest accuracy of 95.5%, with 

precision, recall, and F1 score also reaching peak values 

of 93.8%, 96.2%, and 94.9% respectively. Iterations 2, 7, 

and 9 also exhibit strong performance, consistently 

achieving accuracy above 94%. These results underscore 

the robustness and reliability of the HMEC-DNN model 

in accurately classifying instances across multiple 

iterations, highlighting its potential for various 

classification tasks in electronic commerce and beyond.

Table 5: Attack Classification with HMEC-DNN 

Attack 

Type 

Total 

Instances 

Detected 

Instances 

False 

Positives 

False 

Negatives 

True 

Positives 

True 

Negatives 

Precision 

(%) 

Recall 

(%) 

F1 

Score 

(%) 

Denial of 

Service 

1000 950 20 30 920 30 97.9 96.8 97.4 

SQL 

Injection 

500 480 15 5 475 5 96.9 98.9 97.9 

Phishing 750 720 30 20 700 20 95.7 97.2 96.4 

Malware 1200 1180 25 15 1165 15 97.9 98.7 98.3 

Man-in-

the-

Middle 

600 580 10 10 570 10 98.3 98.3 98.3 
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The Table 5 provides a comprehensive analysis of attack 

classification using the Homomorphic Elliptic 

Cryptograph Deep Neural Network (HMEC-DNN). The 

table encompasses various attack types, including Denial 

of Service, SQL Injection, Phishing, Malware, and Man-

in-the-Middle, each evaluated based on several key 

metrics. These metrics include the total instances of each 

attack type, the number of instances detected by the 

HMEC-DNN model, false positives, false negatives, true 

positives, and true negatives. Additionally, precision, 

recall, and F1 score metrics are presented, offering 

insights into the model's ability to accurately classify 

instances of different attack types. Overall, the results 

indicate strong performance across all attack types, with 

high precision, recall, and F1 scores observed 

consistently. For instance, the Denial of Service attack 

type achieved a precision of 97.9%, recall of 96.8%, and 

F1 score of 97.4%, indicating a high level of accuracy in 

identifying instances of this attack type while minimizing 

false positives and false negatives. Similar trends are 

observed across other attack types, highlighting the 

effectiveness of the HMEC-DNN model in classifying 

various cyber threats with precision and reliability. 

6. Conclusion 

This paper has delved into the intersection of electronic 

commerce laws and security, presenting innovative 

approaches to bolstering the integrity and confidentiality 

of digital transactions. Through the integration of 

Homomorphic Elliptic Cryptograph Deep Neural 

Network (HMEC-DNN) frameworks, we've showcased 

the potential for combining robust cryptographic 

techniques with advanced neural network architectures to 

enhance security in electronic commerce. Our exploration 

encompassed optimization techniques, such as Gradient 

Descent, Adam, and Stochastic Gradient Descent, to 

refine the performance of the HMEC-DNN model, 

yielding promising results in reducing loss functions and 

enhancing convergence rates. Furthermore, the 

incorporation of Elliptic Curve Cryptography (ECC) 

within the HMEC-DNN framework elucidated the 

computational efficiency and security benefits of 

leveraging different curve types for cryptographic 

operations. Through simulation and classification 

analyses, we've demonstrated the efficacy of the HMEC-

DNN model in addressing diverse security challenges, 

ranging from data privacy compliance to attack 

classification. 
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