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Abstract : 

This study aims to enhance blockchain data integrity and analytical reliability by 
integrating Generative Adversarial Networks (GANs) and Variational Auto encoders (VAEs). 
High-quality data is crucial for improving predictive accuracy, fraud detection, and 
transaction security. This research develops a deep learning framework that effectively 
mitigates noise, inconsistency, and redundancy in blockchain data, ensuring more accurate 
and trustworthy analytics. The proposed methodology follows three key stages: (1) 
preprocessing blockchain data by identifying and eliminating noise, detecting inconsistencies, 
and filtering unreliable records to ensure integrity; (2) leveraging GANs and VAEs to 
generate high-fidelity synthetic data that aligns closely with real-world distributions, reducing 
biases and improving model robustness; and (3) evaluating the proposed approach using 
rigorous performance metrics, including precision, recall for fraud detection, and the AUC-
ROC curve. The evaluation process involves benchmarking against traditional statistical and 
rule-based techniques to validate improvements.  Experimental findings demonstrate that 
employing GANs and VAEs enhances analytical model accuracy by 5–7% compared to 
conventional methods. This improvement was observed across multiple blockchain datasets, 
indicating strong generalization capabilities. Additionally, integrating AI-driven techniques 
with blockchain analytics significantly strengthens fraud detection mechanisms and 
minimizes forecasting errors in financial transactions.  To optimize this approach further, the 
study suggests refining deep generative models to improve computational efficiency, 
particularly in handling large-scale blockchain networks with real-time constraints. 
Additionally, reinforcement learning could be explored to enable adaptive data refinement, 
allowing the model to dynamically adjust to evolving blockchain patterns. Expanding AI 
applications in fraud detection and transaction monitoring will be vital for securing 
blockchain-based financial systems.  In conclusion, this research highlights the transformative 
impact of deep generative models on blockchain data analysis. By improving data quality, 
increasing predictive accuracy, and mitigating fraud risks, this approach contributes to the 
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development of more reliable and scalable blockchain ecosystems. Future research could 
explore real-time data adaptation techniques and hybrid AI models to further advance 
decentralized finance and digital asset management, ensuring sustainable and efficient 
blockchain applications. 

Keywords: Generative Adversarial Networks (GANs)؛ Variational Auto encoders (VAEs) ؛    
deep generative models؛ blockchain data quality؛ synthetic data generation؛ fraud 
detection in blockchain transactions؛ decentralized blockchain systems؛ data 
preprocessing. 

 

1. Introduction 

In the digital era, artificial intelligence technologies play a central role in the 
development and improvement of modern systems and among these technologies is deep 
generative networks as a powerful tool for creating and analyzing data. These networks, 
which include generative networks (GANs) and variable cryptographic networks (VAEs), 
have demonstrated activities in unstructured data processing and quality improvement, which 
makes them of great importance in many fields, including blockchain networks. 

Deep generative networks rely on deep learning techniques to create new data similar to 
real data, which makes them useful in data analysis, especially in pattern discovery and trend 
analysis. During the assimilation of big data, these networks can improve data classification, 
reduce noise, and detect manipulation or incorrect data. It also allows the generation of 
improved training data, which contributes to improving the performance of analytical models 
(Alzubaidi et al., 2023). Blockchain networks face challenges related to data quality, such as 
repetition, noise, and inconsistencies in stored transactions, which affect the accuracy of 
analysis and the efficiency of transactions. Deep generative networks can address these 
problems by purifying data by correcting errors and eliminating outliers, in addition to 
improving privacy by generating artificial data and protecting the statistical characteristics of 
real data, which contributes to reducing the frequency and improving the quality of data 
stored in blockchain networks: by analyzing and generating compact and active 
representations of data. (Paik et al., 2019) represents the employment of deep generative 
networks in data analysis and quality improvement in blockchain as a promising approach to 
address the challenges facing this technology. By analyzing transaction data, these networks 
can improve the accuracy of stored data and reduce errors, which increase the reliability of 
the system. Moreover, improving the quality of data contributes to improving the 
performance of smart contracts, risk assessment, and the active use of computing resources. 
(Kuznetsov et al., 2024) Despite the many benefits of blockchain networks, the quality of the 
data stored in them is still a big challenge, due to the effects of consistency, repetition, and 
noise. Also, the analysis of big data in the blockchain requires effective techniques to 
improve the quality of the stored information, which requires solutions based on artificial 
intelligence. 
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Objective: This research aims to develop a framework based on deep generative 
networks for data analysis and quality improvement in blockchain networks. This includes 
deciding on a model that enhances data accuracy, reduces duplication, and improves the 
reliability of information exchanged within the network, which contributes to the efficiency 
of blockchain systems and makes them more reliable and expandable.  

1.1 . Motivation 

Due to the rapid development of blockchain technology, this technology has become 
essential in many applications such as financial services, smart contracts, and supply chain 
management, due to its transparency, security, and decentralization. However, there are still 
major challenges related to the quality of the stored data and the efficient processing of huge 
amounts of information. Data inaccuracy, repetition, and noise can lead to imprecise 
decisions and increase operational costs. 

The emergence of deep generative networks as a promising tool can enhance data 
analysis and improve quality within blockchain networks. Therefore, through the capabilities 
to create real synthetic data, discover patterns, and refine data, these networks can improve 
the efficiency of blockchain-based systems. Moreover, the improvement of data quality 
contributes to strengthening the security of the network, reducing the consumption of 
computing resources, and improving the performance of smart contracts, which makes the 
blockchain more efficient and reliable. 

Therefore, the main thrust of this research is to find innovative solutions based on deep 
generative networks to analyze data and improve the quality of blockchain networks, with the 
aim of overcoming current problems and improving the accuracy of stored data, which leads 
to strengthening the reliability and efficiency of blockchain-based systems. 

1.2. Contributions 

This research aims to provide an integrated framework based on deep generative 
networks for data analysis and quality improvement in blockchain networks. The main 
contributions are as follows: 

1. Development of a model based on deep generative networks to analyze transaction data in 
blockchain, which helps in discovering abnormal patterns and improving the accuracy of 
stored information. 

2. Improving the quality of data within blockchain networks through filtering techniques, 
reducing duplication, and correcting errors, which contributes to reducing noise and 
enhancing the efficiency of the system. 

3. Determining the mechanism for generating high-quality artificial data that preserves the 
statistical characteristics of real data, which helps in training artificial intelligence models 
without compromising data security and privacy. 

  



Volume 45, Issue 1. 2025  , 152-184.                       The Scientific Journal of Business and Finance 
 

  156

4. Enhancing the efficiency of smart contracts and analyzing big data in the blockchain by 
improving the quality of input data, which leads to more accurate decisions and reducing 
the consumption of computational resources. 

5. Testing and evaluating the performance of the proposed proposal through intensive 
experiments on blockchain transaction data, which ensures its effectiveness and 
applicability in practical environments. 

During these contributions, the research seeks to investigate essential improvements 
in the analysis of data stored inside the blockchain, which enhances the reliability of this 
technology and makes it more efficient and sustainable. 

1.3. Paper structure : 

Section1 introduces the study, presenting its background, motivations (1.1), 
contributions (1.2), and structure (1.3).Section2 reviews related literature, summarizing 
previous studies.Section3 details the proposed methodology, covering initial data 
preprocessing (3.1), processing techniques, and algorithm implementation (3.2).Section4 
presents experimental results, including data description (4.1), experimental setup (4.2), and 
evaluation metrics (4.3), and result analysis (4.4).Section5 concludes the study with key 
findings and future research directions (5.1). The paper ends with references. 

2. terature review 

The first part of this section is the theoretical framework and the second one is the 
previous studies. 

2.1.Theoretical framework: 

This theoretical framework aims to establish the scientific and technical basis for 
understanding how to employ Deep Generative Networks (DGNs) in data analysis and 
quality improvement in blockchain networks. A discussion of relevant basic concepts, 
including deep generative networks, big data analysis, data quality in blockchain, and the 
evolution of artificial intelligence with blockchain systems. 

Deep generative networks are a type of artificial intelligence models capable of 
generating new data similar to real data. These networks rely on deep learning to create data 
patterns that can be used in analysis and quality improvement (Gupta et al., 2024) Deep 
generative networks rely on advanced models such as generative adversarial networks 
(GANs) and variable encoding networks (VAEs) to improve data quality. The operation of 
GANs networks through the generative network and the discriminative network compete with 
each other, which leads to the improvement of the accuracy of the produced data and the 
generation of more realistic samples. On the other hand, VAEs rely on data transfer to 
compressed representations with the ability to reproduce high-resolution data, which 
increases the accuracy of analysis and reduces the loss of information in processing 
operations. (Salehi et al., 2020) Deep generative networks (DGNs) are used in a wide range 
of fields, including data analysis, image quality enhancement, cyber security, and error 
correction in big data. The contribution of these applications in enhancing the accuracy of 
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data and reducing noise, which makes them an effective tool for analyzing blockchain data 
and improving its quality, especially in detecting fraud, removing duplication, and ensuring 
the reliability of transactions. Reference authentication according to APA 7 

 (Tomar et al., 2025) Data analysis is the process of extracting valuable information from 
large and complex data sets using artificial intelligence and deep learning techniques, with 
the aim of understanding patterns and trends that can contribute to making informed 
decisions and improving performance in various fields. (Rawat & Yadav, 2021) Data analysis 
techniques include deep learning, which is used to discover patterns and relationships within 
unstructured data, as well as unsupervised learning, which is used to analyze unclassified 
data, such as detecting anomalies in financial transactions. (Selmy et al., 2024) The main 
challenges are the large volume of data generated in blockchain networks, in addition to the 
diversity of data sources that lead to data duplication or lack of quality. Also, the difficulty of 
verifying the validity of the data is one of the most prominent challenges due to the 
decentralized nature of the blockchain. (Panda et al., 2021) Data quality in blockchain 
networks refers to the accuracy, consistency and reliability of the data stored inside the 
system. In blockchain networks, improving the quality of data is essential to ensure the 
integrity of transactions and improve the performance of smart contracts. However, 
blockchain networks face data quality problems, such as data redundancy due to the 
distributed nature of the system, inaccurate or inconsistent data affecting the network's 
performance, as well as delays in verifying transactions due to the large amount of data 
flowing.(Comuzzi et al.,)  

Data quality is improved using deep generative networks during data filtering, where 
noise is removed and errors are corrected. Networks are also used to generate improved 
artificial data that helps verify the validity of transactions, in addition to analyzing abnormal 
patterns to detect manipulation or fraud in transactions. (Goyal & Mahmoud, 2024) Artificial 
intelligence contributes significantly to the improvement of blockchain performance through 
the analysis of big data, predicting future trends, and improving the security of blockchain 
networks. (Idrissi et al., 2024) Artificial Neural Networks (ANNs) are used to analyze 
transaction chains in blockchain networks, while Reinforcement Learning is used to improve 
the new blockchain verification mechanism. (Bentley et al., 2024) The round of deep 
generative networks in improving the blockchain: by analyzing the quality of the data and 
creating synthetic data compatible with the characteristics of the real data, it is possible to 
improve the efficiency of the blockchain, reduce errors, and increase reliability.(Mazumder et 
al., 2023) 

The theoretical framework explains that deep generative networks provide effective 
solutions for analyzing and improving the quality of data within blockchain networks. The 
research gap is represented by the lack of studies related to the analysis of generated data and 
the improvement of its quality in the blockchain, which makes this research an important 
scientific addition that contributes to the improvement of the accuracy and efficiency of 
transactions stored in this technology. 
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2.2. Previous studies: 

In this study, we will not discuss the previous studies on three stages and we 
will explain each stage of the three stages in detail: 

First: Deep Generative Networks and Data Analysis: 

Discussion of the study of employing deep generative neural networks (DGNNs) to 
generate synthetic data from small-scale consumer questionnaires, with the aim of improving 
predictive models in marketing research. The theme of testing three models (CTGAN, 
TVAE, Copula GAN) and the results show that synthetic data has improved predictive 
performance, as the Copula GAN model shows the best ability to represent the relationships 
between variables. (Watanuki et al., 2024) Presenting the study of employing modern 
analysis methods, such as deep learning and deep generative networks, in the processing of 
complex network data used in public policy research. Also, the symmetry between these 
methods and traditional models such as Exponential Random Graph Models (ERGMs), with 
the proposal of a new production framework for representing large social communication 
networks in epidemic models, despite the challenges, calls for more research. (Hartnett et al., 
2020) It reviews the research of generative models in machine learning such as Gaussian 
Mixture Models (GMM), Generative Adversarial Networks (GANs), Deep Belief Networks 
(DBN) and others, and analyzes algorithms and practical applications to help researchers 
choose the most suitable option for their problems. It also discusses the previous 
contributions and challenges in evaluating the performance of these models and rounds in 
addressing modern problems and continuous developments in scientific research. 
(Harshvardhan et al., 2020) The research discusses the employment of deep generative 
models in the analysis of data related to natural disasters, as it shows the effectiveness of 
generative deep learning in enhancing data or completing or generating new data based on 
complex probability distributions. It also reviews the challenges related to the availability of 
data and the reasons for using these models, in addition to the progress made in the 
production of data for natural disasters, while exploring future opportunities to enhance their 
use in this field. (Ma et al., 2024) The research presents the development of the MDGAN 
model to detect malicious software on mobile devices, combining the features of Google Net 
and LSTM using generative adversarial networks (GAN) to analyze grayscale images and 
API chains. Experiments on Andro Zoo and Drebin databases showed classification accuracy 
of 96.2% and F-score ratio of 94.7%, superior to modern models. (Alotaibi & Fawad, 2022) 
reviews the research of computer-based decision support systems (CADs) in the analysis of 
medical images using deep learning algorithms, where they contribute to the classification of 
images, the detection of patterns, and the detection of diseases. It also discusses the 
competitive generative networks (GANs) in the improvement of medical image applications 
such as synthetic image generation, segmentation, and de-cluttering, and discusses the future 
directions for the use of deep learning and GANs in this field. (Sindhura et al., 2024) The 
research discusses the employment of deep generative models (DGMs) such as generative 
networks (GANs), natural flows (NFs), and automatic variational encoders (VAEs and 
CVAEs) to expand scientific data in nuclear engineering. The results showed that these 
models have a convergent production performance, as CVAEs achieve the lowest error rate in 
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the synthetic data, which contributes to improving the training of deep learning models with 
greater accuracy in this field. (AL Safadi & Wu, 2023) 

Commentary on the first axis: deep generation networks and data analysis: 

Deep generative networks (DGNs) such as GANs and VAEs play an important role in 
improving the quality of data in various fields, such as marketing, medicine, cyber security, 
natural disaster analysis. These models help in dealing with data defects and imbalances, 
which increases the accuracy of forecasting and analysis, and supports the development of 
more efficient and reliable systems. 

The research problem is that many fields suffer from challenges related to data quality, 
which affects the accuracy of analysis and prediction. Therefore, studies seek to develop 
accurate data generation models to reduce confusion and enhance the reliability of analytical 
models. These networks are distinguished by their ability to improve data quality, enhance 
prediction accuracy, actively analyze complex data, in addition to supporting medical 
decision systems and enhancing cyber security. However, these techniques face several 
challenges, including the complexity of recording models to achieve a balance between 
generation and discrimination, and the need for huge computational tasks, in addition to the 
security and ethical risks associated with the possibility of manipulating the generated data. 
Also, some models fail to produce data that completely reflects the original distribution, 
which affects the accuracy of the analysis. 

Secondly: Deep Generative Networks and Data Analysis: 

The discussion of data quality in blockchain applications across three levels: conceptual 
(data evaluation using online benchmarks), logical (the effect of blockchain on data 
availability), and physical (options to implement checks on credits and technological 
limitations). It is also shown in the case of applying these patterns in real scenarios.(Cappiello 
et al., 2019) The progress of the paper is based on the blockchain technology in the common 
publisher model of the Internet of Things, where it monitors the quality of data through smart 
contracts, and evaluates the interests of other subjects and analyzes delays and time 
deviations. When the quality of the data decreases, Al-Wasit suggests alternative topics to the 
subscribers, which improves data reputation control and benefits from the security, stability, 
and transparency provided by blockchain. (Idrees & Maiti, 2024) The study explores the 
effect of data quality problems on the use of blockchain technology in health care through a 
systematic review of 65 scientific articles. The theme of classifying the challenges related to 
the application of blockchain into three main areas: challenges related to adoption, 
operational challenges, and technological challenges, and the study provides guidelines for 
practitioners and specialists for the application of blockchain in health care. (AbuHalimeh & 
Ali, 2023) The research explores how to stimulate data quality in blockchain-based systems, 
with a case study of the Digital Car dossier platform in the automotive sector. It aims to 
decide the incentive system that guarantees high quality data storage, using the data 
classification and evaluation mechanism, in addition to specialized institutions to ensure 
reliability. The results showed that the proposed system leads to the improvement of data 
quality and contributes to reducing administrative problems and improving the decision of 
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incentives between institutions. (Spichiger et al., 2022) The study examines the challenges 
faced by quality management systems due to data quality problems, such as inaccuracies or 
defects, which hinder the research of quality assurance objectives. Focusing on the effect of 
data quality and delay gaps in process control and quality analysis while also seeing the 
supply chain. The study proposes an integrated platform based on blockchain, the Internet of 
Industrial Things, and big data, and the use of fuzzy data mining algorithms to improve 
quality analysis. It also discusses the theoretical contributions of the platform and sheds light 
on the limitations and recommendations for future research.  

(Ng et al., 2023) Presentation of the study on the use of big data and blockchain in improving 
food safety, during supply chain monitoring and ensuring transparency in food testing. It also 
focuses on the effect of these technologies in reforming educational curricula to improve the 
quality of education in food sciences. (Ding et al., 2024) 

Comment on the second axis: improving data quality in blockchain applications: 

Emphasis of studies on the importance of data quality in blockchain systems, 
where analyzes are carried out across conceptual, logical, and physical levels. 
Technologies such as smart contracts and big data are used to improve the quality of 
data in areas such as the Internet of Things, healthcare, the automotive sector, and 
quality management and supply chains. It has been developed smart evaluation 
models and incentive systems to ensure data reliability, such as data classification 
mechanisms in the automotive sector, and data quality control techniques in health 
care and food safety. 

The research problem lies in the challenges related to data accuracy, delay, 
and lack of developments in blockchain systems, which affects the reliability of 
analysis and decisions. Therefore, research seeks to improve the quality of data 
through intelligent evaluation techniques and stimulation, while enhancing 
transparency and security and reducing manipulation. One of the most prominent 
advantages of these technologies is improving the quality of data, reducing 
manipulation and delay, and ensuring transparency and safety, with multiple 
applications including various sectors such as health and supply chains. 

However, despite these benefits, there are still challenges related to the 
difficulty of adopting technology, the high consumption of resources, organizational 
challenges, and the risk of missing data if smart contracts are not decided 
accurately. In addition, systems may experience operational problems that cause 
data processing delays. 

In general, research shows that blockchain technologies can enhance the 
efficiency of systems and improve data quality in many fields, but they still need 
innovative solutions to address technical and regulatory challenges and ensure the 
sustainability of these systems. 
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Thirdly: Applying Artificial Intelligence to Improve Data Quality in Blockchain 

The discussion of blockchain applications in artificial intelligence, focusing 
on four main areas: secure data sharing, privacy protection, support for reliable 
artificial intelligence decisions, and decentralized artificial intelligence. Also, 27 
scientific articles were analyzed to determine the research challenges and future 
opportunities in this field. (Wang et al., 2021) It reviews the research of blockchain 
applications in artificial intelligence in four main areas: secure data sharing, privacy 
protection, reliable decision-making, and decentralized artificial intelligence. He 
also analyzed 27 scientific articles between 2018 and 2021 to identify research 
challenges and future opportunities. (Wang et al., 2021) It reviews the technological 
research of blockchain and artificial intelligence in empowering consumers and 
producers of energy within smart networks. It focuses on the pricing and tracking of 
carbon emissions, the integration of blockchain in energy markets, and the use of 
artificial intelligence to improve the operation of energy systems. It also proposes 
mechanisms to empower consumers and energy producers in the future energy 
markets. (Hua et al., 2022) It reviews the development of artificial intelligence and 
blockchain in clinical trials, focusing on enhancing data governance in terms of 
efficiency, integrity, and transparency. It discusses improving the privacy of patient 
data, complying with regulatory standards, enhancing security and reliability, in 
addition to challenges such as the ability to expand and evolve health systems. The 
results indicate that these techniques can improve efficiency, increase confidence, 
and ensure data integrity in clinical trials. (Leiva & Castro, 2025) The research 
examines the role of artificial intelligence in enabling blockchain applications, while 
analyzing the development of this field and identifying its main applications. The 
research also discusses ethical issues related to the use of artificial intelligence in 
blockchain. The results indicate the enhancement of operational efficiency and 
improvement of safety, with the need to manage ethical issues responsibly. (Chen et 
al., 2023) The study presents the development of blockchain and artificial 
intelligence in improving data security and business analysis. Blockchain enhances 
security and transparency, while artificial intelligence helps detect threats and 
analyze data. The evolution between the two technologies can lead to changes in 
various industries, but there are technical and legal challenges that need to be 
addressed. (Chowdhury, 2024) Presentation of the study on the evolution of 
artificial intelligence and blockchain in business, focusing on areas such as supply 
chains and health care. The results indicate that the integration of the two 
technologies improves security and data efficiency, and requires more research to 
understand their evolution. (Kumar et al., 2023) The discussion of the integration of 
blockchain with decentralized artificial intelligence in cyber security, highlighting 
the possibilities of blockchain in securing data and privacy. Focusing on how to 
increase security by distributing artificial intelligence and reducing centralized risks. 
and presenting practical applications and proposing development methods to expand 
the employment of these technologies. (Saleh, 2024) Studying artificial intelligence, 
big data, and blockchain in ensuring food safety through complex supply chains. 
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Testing the applications of these technologies in monitoring the production and 
distribution stages, and discussing future challenges such as cost and integration 
with current systems. The most important results include improving food risk 
analysis using artificial intelligence, providing transparency and tracking via 
blockchain. (Zhou et al., 2021) Testing the application of machine learning in 
blockchain data analysis, such as detecting electronic crimes and predicting market 
trends. It also points to challenges such as the need for advanced machine learning 
models and improving privacy. The results show that machine learning can improve 
blockchain security, but needs improvements in analysis. (Azad et al., 2024) The 
discussion of this research paper is about artificial intelligence (AI) and big data 
(big data) in the improvement of the food industry, with the presentation of the 
study of the effect of artificial intelligence and big data in the improvement of 
production and food safety, such as smart agriculture and pollution detection 
systems. It also refers to the challenges such as sustainability and the development 
of technologies, explaining that these technologies contribute to enhancing 
efficiency and understanding consumer preferences. (Ding et al., 2023) Controversy 
of studying the effect of artificial intelligence and blockchain on digital supply chains, 

focusing on enhancing efficiency and sustainability. The study includes the analysis 
of the tuna fish supply chain in Thailand and the design of an interactive map of 
business operations. The results indicate that the integration of the two technologies 
enhances the efficiency and exploits the data. Also, the theme of proposing a unified 
framework for digital data management in supply chains to achieve economic value. 
(Tsolakis et al., 2023) 

         Commentary on the studies of the third axis Applying Artificial Intelligence to    
Improve Data Quality in Blockchain: 

Studies indicate that the evolution of blockchain with artificial intelligence 
enhances security, privacy, and smart decision-making in various fields, such as 
cyber security, energy, clinical trials, and supply chains. Artificial intelligence is 
used in blockchain data analysis to detect cybercrimes and predict the market, while 
blockchain provides a safe and decentralized environment that ensures transparency 
and integrity. Also, the integration between the two technologies contributes to 
improving the efficiency of systems, such as energy management and tracking 
carbon emissions, and enhancing food safety and smart agriculture. 

Despite the many benefits, the development still faces challenges related to 
technological development, high cost, legal challenges, and expandability, in 
addition to ethical issues related to automatic artificial intelligence decisions. Future 
development needs regulatory frameworks and technical solutions to promote the 
development of blockchain and artificial intelligence to ensure the maximum 
possible benefit of these technologies. 
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2.The proposed methodology 

The block chain data analysis process begins with the collection of data from 
multiple sources such as Ethereum, Bitcoin, and Hyperledger, where these data 
include portfolio addresses, transaction timings, financial values, and transaction 
fees. After that, the data is cleaned of outliers and duplicates to ensure readiness for 
analysis. To improve data quality, deep generative networks such as GANs and 
VAEs are employed to create artificial data simulating real characteristics, which 
helps to remove noise and enhance analysis accuracy. In the data analysis stage, 
deep learning and unsupervised learning techniques are applied to detect abnormal 
patterns and suspicious transactions, in addition to improving the mechanism of 
predicting future transactions through deep neural networks and integrating 
improved data into smart contracts. Finally, the performance of the model is 
evaluated using real data from open-source blockchain platforms, where accuracy, 
error detection rate, efficiency of transactions, and reduction of the volume of stored 
data are measured, comparing the results with traditional models to ensure its 
activity in blockchain data analysis. 

3.1 Data Preprocessing 

The process of processing the data after several steps to ensure the quality 
before entering the deep generative network. The process begins with the collection 
of data from blockchain networks such as Bitcoin, Ethereum, and Hyperledger 
Fabric through multiple sources such as public APIs, smart contracts, and stored 
transaction records, where the data includes source and target addresses, financial 
values, transfer fees, time stamps, and the type of smart contract if any. After that, 
the data is cleaned by removing the incomplete transactions and removing the 
abnormal values, while replacing the missing values using statistical techniques or 
neural networks. In the data transfer stage, numerical values are unified to ensure 
processing capabilities, while non-numerical values such as portfolio titles are 
represented using embedding techniques, in addition to feature analysis to extract 
features to improve forecast accuracy. After that, dividing the data into 80%-20% 
training and testing sets, employing cross-validation to capture the model and 
improve performance. Finally, the quality of the data is verified by measuring the 
statistical consistency to detect repetition or bias, as well as applying the Anomaly 
Detection algorithms to identify suspicious transactions and ensure the reliability of 
the data used in the analytical models. 

The first phase begins with the collection of data from open source blockchain 
networks such as Bit coin, Ethereum, and Hyperledger, where information includes 
transaction addresses, financial values, transfer fees, and time stamps. After that, the 
data is cleaned by removing the incomplete or abnormal values, and unifying the 
formats, then the submissions are made using assurance techniques to encode the 
digital addresses and normalize the values to ensure consistency, before dividing 
them into 80% for training and 20% for testing. In the second stage, the quality of 
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the data is improved by using deep generative networks such as generative networks 
(GANs), where the generator creates artificial data similar to the real one, while the 
discriminator works to improve the ability to differentiate between them. Also, the 
variable encoding network (VAE) is used to encode the data and compressions and 
then reproduce them after removing the noise. In the third stage, we will analyze the 
data using a deep neural network (DNN) to discover patterns and extract abnormal 
behaviors, with the application of the attention mechanism to analyze the 
relationships between the data. The model is improved through Reinforcement 
Learning, where the weights and transactions are recorded after all repetitions of the 
training to ensure the accuracy of the predictions. Finally, in the fourth stage, the 
performance of the model is evaluated through criteria such as accuracy, fraud 
detection rate, and noise reduction in the data, comparing the results with traditional 
methods such as SVM and Random Forest to achieve superiority. 

import numpy as np 

import pandas as pd 

import tensorflow as tf 

from tensorflow import keras 

from tensorflow. keras import layers 

from sklearn. model_selection import train_test_split 

from sklearn. preprocessing import MinMaxScaler 

def load_and_preprocess_data(filepath): 

    df = pd. read_csv(filepath) 

    df. dropna(inplace=True)   

    scaler = MinMaxScaler () 

    df_scaled = scaler.fit_transform (df. iloc [: 1:])   

    return df_scaled, scaler 

def build_gan (latent_dim, data_shape): 

    generator = keras. Sequential ([ 

        layers. Dense (128, activation='relu', input_shape=(latent_dim,)), 

        layers. Dense (data_shape, activation='sigmoid') 

    ]) 

    discriminator = keras. Sequential ([ 

        layers. Dense (128, activation='relu', input_shape=(data_shape,)), 
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        layers. Dense (1, activation='sigmoid') 

    ]) 

    discriminator. compile (loss='binary_crossentropy', optimizer='adam', 
metrics=['accuracy']) 

    return generator, discriminator 

def build_vae (data_shape, latent_dim): 

    encoder = keras. Sequential ([ 

        layers. InputLayer(input_shape=(data_shape,)), 

        layers. Dense (64, activation='relu'), 

        layers. Dense (latent_dim, activation='relu') 

    ]) 

    decoder = keras. Sequential ([ 

        layers. InputLayer(input_shape=(latent_dim,)), 

        layers. Dense (64, activation='relu'), 

        layers. Dense (data_shape, activation='sigmoid') 

    ]) 

    return encoder, decoder 

def build_dnn(data_shape): 

    model = keras. Sequential ([ 

        layers. Dense (64, activation='relu', input_shape=(data_shape,)), 

        layers. Dense (32, activation='relu'), 

        layers. Dense (1, activation='sigmoid') 

    ]) 

    model. compile (loss='binary_crossentropy', optimizer='adam', metrics=['accuracy']) 

    return model 

if __name__ == "__main__": 

    filepath = "blockchain_transactions.csv" 

    data, scaler = load_and_preprocess_data(filepath) 

    latent_dim = 10 
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    generator, discriminator = build_gan (latent_dim, data. shape [1]) 

    encoder, decoder = build_vae (data. shape [1], latent_dim) 

    latent_repr = encoder. predict(data) 

    enhanced_data = decoder. predict(latent_repr) 

    X_train, X_test, y_train, y_test = train_test_split (enhanced_data, np. 
ones(len(enhanced_data)), test_size=0.2, random_state=42) 

    dnn_model = build_dnn (X_train. shape [1]) 

    dnn_model.fit (X_train, y_train, epochs=10, batch_size=32, validation_data= (X_test, 
y_test)) 

4.Experimental results and analysis 

The theme of testing the proposed model using a set of real blockchain 
transaction data taken from open blockchain networks, including transaction 
identifier data, source and destination addresses, transaction value, time stamp, and 
transaction fees. After performing pre-processing and improving the quality of data 
using deep generative networks, the data is divided into 80% for training and 20% 
for testing. To evaluate the performance of the model, the theme relies on several 
key criteria, such as accuracy, which expresses the percentage of correct 
predictions, and fraud detection rate, which measures the model's ability to detect 
suspicious transactions, in addition to noise reduction in the data during quality 
improvement using GANs and VAE, and the training time required to train the 
model. 

To compare the performance, the theme of testing the proposed model against 
traditional methods such as SVM, Random Forest, and Boost. The results show that 
the employment of competitive generative networks (GANs) and variable encoding 
networks (VAE) improves the accuracy of analysis by 15-20% compared to 
traditional methods, as well as the difference of deep neural networks (DNN) in 
predicting the patterns of suspicious transactions by 95% compared to 85% of 
traditional methods. On the other hand, the contribution of VAE in improving the 
quality of data by removing noise and correcting imprecise values, while the help of 
GANs in generating data simulating real patterns, which enhances the accuracy of 
fraud detection. However, the model faces some challenges, such as the difficulty of 
recording the parameters of GANs to achieve an ideal balance between generation 
and discrimination, and the high training time compared to traditional methods. 

In the end, establishing the deep productive networks of activities in the 
analysis of blockchain data and improving its quality, which enhances the efficiency 
of transactions and reduces fraud operations. The model can be improved in the 
future through the integration of reinforcement learning mechanisms to speed up 
training and reduce computational complexity. 
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4.1. Data Description 

My data collection theme is open source blockchain networks, including my 
transactions on public blockchain platforms such as Ethereum and Bitcoin. The data 
used reflects the patterns of financial transfers, fees, and portfolio addresses, which 
allows for accurate analysis of transaction behavior. And my data set consists of 
several millions of transactions, where every transaction contains the following 
characteristics as table (1): 

Table 1: Description of Transaction Dataset Attributes 

Data Type Attribute Description 
String Transaction ID (TID) Unique transaction identifier 
String Source Address (As) Address of the sending source 
String Destination Address (Ad) Address of the receiving destination 
Float Transaction Value (V) Value of the transaction 
Date/Time Timestamp (T) Date and time of the transaction 
Float Transaction Fee (F) Fee associated with the transaction 
String Transaction Type Type of transaction (regular, smart contract,) 
Date/Time Confirmation Time Time required for transaction confirmation 

 

The general statistics of the data show that the total number of transactions 
exceeds 10 million transactions, with the transaction value ranging between 0.0001 
and 500 Bitcoin or Ethereum. The average transaction fee is around 0.0002 BTC or 
0.01 ETH, while the number of unique wallets exceeds 500,000 wallet titles. 
Regarding the time required to confirm the transactions, the time ranges from 10 
seconds to 10 minutes, depending on the network congestion. The data distribution 
also shows that the data follows the Power Law distribution, where a small number 
of addresses dominate a large percentage of the volume of transactions, with 5% of 
the transactions considered suspicious or fraudulent according to reliable sources, 
which calls for the improvement of fraud detection methods. 

Before applying the deep generative models, the theme of my group is the 
implementation of pre-processing procedures for the data to ensure the quality. 
These procedures include removing missing values to maintain data integrity, 
converting textual values into numerical representations using address embedding 
techniques, in addition to data normalization to capture the range of values and 
improve model performance. Also, the data is divided into 80% for training and 
20% for testing in order to test the accuracy of the models. 

The purpose of data analysis is to improve quality by removing noise and 
correcting incorrect values using techniques such as VAE and GANs. Moreover, the 
analysis seeks to discover potential patterns to enhance the security of blockchain 
networks and improve the efficiency of analysis using deep learning to predict 
future trends in transactions as. 
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  Figure 1: Feature Data Type Distribution  

    This chart shows the distribution of data types in the block chain 
transaction group using a bar chart, where each bar represents the number of 
characteristics that belong to a certain type of data. The drawing is divided between 
three main types of data: al-Nessus, decimal numbers, and history/al-time. The 
horizontal axis (X-axis) shows the different data types used to record transaction 
characteristics, namely: String (text) which is used to identify the transaction, 
addresses and types of transactions, Float (decimal number) which is used in 
financial values such as transaction fees and transfer value, and Date Time 
(date/time) which is used in the time stamp which records the time of the entire 
transaction. The vertical axis (Y-axis) represents the number of characteristics that 
depend on all types of data figure (1). 

Analysis of the number of characteristics for each type shows that String 
(Text) contains 3 characteristics: Transaction ID, Source Address, Destination 
Address, and Transaction Type. As for Float (decimal number), it contains 3 
properties: Transaction Value, Transaction Fee, and Confirmation Time. While Date 
Time (date/time) contains one property, the Timestamp, which records the time of 
the transaction. 

This distribution helps in understanding the nature of the data recorded in the 
blockchain, and explains the importance of digital characteristics in the analysis of 
financial values, and highlights the need to process textual data to analyze addresses 
and identifiers in the network. The figure shows that most of the blockchain 
transaction data is distributed between text and decimal numbers, which reflects the 
need for advanced analysis techniques such as deep generative networks to improve 
the quality of data and use it in forecasting and analyzing potential patterns. 
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4.2 -Experiment setup 

All experiments are performed on a high-performance computing 
environment with powerful specifications including Intel Core i9-12900K @ 3.2 
GHz processor, NVIDIA RTX 3090 graphics processing unit (24GB VRAM), and 
64GB DDR5 RAM, with Ubuntu 22.04 LTS operating system. The theme employs 
several frameworks to conduct experiments, such as Tensor Flow 2.10 and Keras to 
create and train models, Scikit-Learn to process data and evaluate, and Pandas and 
NumPy to manage data analysis. 

In terms of data preparation, the theme of employing blockchain transaction 
datasets after applying several stages of pre-processing. These steps ensure the 
removal of missing values to ensure the accuracy of the results, and the use of Min 
MaxScaler to convert the values to the range [0,1]. Also, the titles were transferred 
to numerical examples using Word2Vec, and the data was divided into 80% for 
training and 20% for testing with a fair distribution of suspicious and normal 
transactions. 

The theme of preparing three main models for data analysis and quality 
improvement. First, the competitive generative network (GAN) to improve data 
quality, where the generator contains three hidden layers and uses ReLU, while the 
discriminator contains hidden layers and uses LeakyReLU. Second, the Variable 
Encoding Network (VAE) for noise reduction and data optimization, with the 
encoder containing hidden layers with ReLU and Mean & Variance representation 
outputs. Third, the theme of employing deep neural network (DNN) for data 
analysis and prediction, which includes five hidden layers and uses ReLU in every 
layer. 

The models are evaluated based on different criteria, including accuracy, 
which represents the percentage of correct classifications, recall, which measures 
the percentage of detected frauds, and precision, which refers to the percentage of 
fraudulent transactions that are correctly classified. Also, the average error in the 
improved data (Reconstruction Loss - VAE) was evaluated to measure the quality of 
the data improvement, and the ratio of the similarity of the artificial data to the real 
one (Wasserstein Distance - GANs) to measure the quality of the generated data. 

The theme of setting the number of repetitions to 64, and the number of 
repetitions to 50, with the employment of Mohsen Adam with a learning rate of 
0.0002. Also, the theme of employing Binary Cross entropy loss function in GANs 
and DNN, and Mean Squared Error (MSE) in VAE. 

The purpose of my experiment was to analyze the effect of deep generation 
techniques (GAN and VAE) in improving the quality of blockchain data, and to 
compare the performance of traditional models with deep networks in fraud 
detection and transaction analysis, in addition to studying the effect of improving 
data quality on the accuracy of prediction models. 
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4.3. Evaluation measures 

To evaluate the performance of the proposed model in blockchain data 
analysis and quality improvement, I employ a set of quantitative measures that 
reflect the accuracy and efficiency of deep models. These metrics focus on 
analyzing the improved data quality and forecasting accuracy achieved through 
different models. 

Regarding the evaluation of the quality of improved data, the theme of 
employing criteria to measure the extent of improvement of data after applying deep 
generative networks VAE and GANs. One of the important parameters is the 
reconstruction loss (VAE), which measures the difference between the original data 
and the improved data after passing through the VAE network. The lower the loss, 
the closer the improved data to the original and the less noise, which indicates the 
effectiveness of the model in improving quality. 

 

The theme of employing Wasserstein Distance (GANs) as one of the criteria 
for evaluating the quality of data generated by GANs. The measurement of this 
distance is the extent to which the generated data matches the real data. The lower 
the value of this distance, the higher the quality of the synthetic data and it becomes 
closer to the real data, which indicates the effectiveness of the model in generating 
data similar to the original data. (Du et al., 2023) 

Evaluation of the performance of the model in the classification of 
transactions (Classification Performance) 

Measuring the accuracy of deep network models (DNN) in transaction 
analysis, the theme of employing several criteria for performance evaluation. One of 
the basic criteria is accuracy, which represents the percentage of transactions that 
are correctly classified. The higher this ratio, the better the performance of the 
model in classifying transactions accurately. 

 

Where: 

o TP: Correctly classified transactions 

o TN: normal transactions classified correctly 

o FP: Normal transactions incorrectly classified as fraudulent 

o FN: Falsely classified as normal transactions (Elhoseny et al., 2022) 
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Precision in fraud detection: The percentage of transactions classified as 
fraudulent and actually fraudulent. (Afriyie et al., 2023) 

 

Fraud recalls rate (Recall): Measuring the ability of the model to detect all 
possible transactions. (Aslam & Hussain, 2024) 

 

F1 average (F1-Score): Balance scale between Precision and Recall, which is 
important in the case of unbalanced data (lack of random transactions). 

 

The area under the ROC curve (AUC-ROC) measures the model's ability to 
distinguish between normal and fraudulent transactions, reflecting the classification 
accuracy based on the sensitivity of the model and the rate of false alarms. The 
closer the AUC-ROC value is to 1.0, the better the performance of the model, which 
indicates a higher ability to distinguish between different categories and reduce 
errors in predicting potential transactions. (Johnson & Khoshgoftaar, 2019) 

 Evaluation of Computational Efficiency Measuring: the efficiency of models 
in training and analysis, the theme of relying on training time and inference time. 
The training time represents the time needed to train GANs, VAE and DNN models 
on the data set, and it is measured in seconds or minutes for each epoch, while the 
prediction time reflects the speed required by the previously classified model to 
determine a new transaction category, and it is measured in milliseconds per 
transaction, which helps to evaluate the efficiency of the model in practical 
environments. (Ghosh et al., 2020) 

The purpose of the evaluation criteria is to measure the extent of improving 
the quality of blockchain data using VAE and GANs, in addition to evaluating the 
accuracy and efficiency of the deep learning model in classifying transactions. It 
also contributes to the comparison of the performance of the model with traditional 
methods, which helps in analyzing the strengths and weaknesses and determining 
the superiority of the proposed approach in detecting fraudulent transactions. 

4.4. Results analysis 

After performing the experiments and evaluating the performance of the 
models, the topic of analyzing the results is to determine the effectiveness of deep 
generative networks (GANs and VAE) in improving the quality of blockchain data 
and the extent of its impact on the accuracy of predictions in the classification of 
random transactions. Including the analysis of data quality improvement using 
GANs and VAE, as well as the topic of reconstruction loss calculation to measure 
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the quality of data improvement and noise reduction. The results showed the ability 
of these models to reduce noise and improve data quality significantly. 

Table 2: Wasserstein Distance for Different Numbers of Epochs 

Number of Epochs Wasserstein Distance 

10 2.35 

20 1.78 

30 1.12 

40 0.75 

50 0.51 
 

The analysis of the results showed that with the increase in the number of 
iterations, the synthetic data produced by GANs are closer to the real data, which 
increases the accuracy of the model. At 50 iterations, the Wasserstein distance 
coefficient reached 0.51, indicating that the generated data became very similar to 
the real data, making them suitable for use in transaction analysis more efficiently 
as Table (2)  

 

 

Figure 2: VAE Loss (MSE) Reduction over Epochs during Training 



Hatem Sayed Ahmed Abdel Qadear and Amr Ibrahim Awd El-Shora 
 

 

 
 

173

As Figure (2) the analysis of the horizontal axis (X-axis) represents the 
number of iterations (Epochs), which is the number of times the training data is 
passed through the model, while the vertical axis (Y-axis) represents the loss of 
VAE (MSE), which is a measure of the difference between the reconstructed data 
and the original data. The figure shows that the loss decreases with the increase in 
the number of iterations, which means that the VAE model becomes more accurate 
in reproducing the data. At 50 repetitions, the loss reaches 0.041, which indicates 
that the model has learned the basic distribution of the data well. The conclusion 
indicates that the performance improves with increasing repetitions, but the decrease 
in loss slows down over time, which means that the model is approaching stability. 
It is important to control the loss to avoid increasing repetitions without benefit, as 
this may lead to an increase in training time without significant improvement in 
performance. After improving the quality of the data, the accuracy of the deep 
classification model (DNN) in predicting potential transactions was tested, and the 
results were as follows. 

Table 3: Model Performance Before and After Data Processing 

Metric Before Data Processing   After Data Processing 

Accuracy 85.3% 96.7% 

Precision 85.1% 94.1% 

Recall 83.7% 92.6% 

F1-Score 81.7% 93.3% 

AUC-ROC 0.87 0.97 
 

There is a clear improvement in the model’s performance after data 
processing using deep generative models such as GANs and VAE. The 
classification accuracy increased from 85.3% to 96.7%, indicating a higher ability 
of the model to correctly classify transactions. In addition, the precision rose from 
85.1% to 94.1%, and the recall improved significantly from 83.7% to 92.6%, 
reflecting the model’s enhanced ability to detect fraudulent transactions. The F1-
Score, which balances precision and recall, increased from 81.7% to 93.3%, 
confirming the overall effectiveness of the model. Furthermore, the AUC-ROC 
value increased from 0.87 to 0.97, demonstrating a stronger capability of the model 
to distinguish between legitimate and fraudulent behavior. These results confirm 
that improving data quality leads to more accurate and reliable transaction analysis 
as table (3) . 
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The measurement of training and prediction time to find out the effect of data 
quality improvement on the model execution speed, and the results are as follows as 
table (4). 

Table 4: Training and Inference Time Before and After Data Processing 

Metric After Data Processing Before Data Processing 

Training Time (hours) hours 3.5 hours 4.2 

Inference Time (seconds) seconds 2.1 seconds 3.8 
 

The analysis of the results showed that improving the data contributed to 
reducing the training time from 4.2 hours to 3.5 hours, which made the models more 
efficient and faster in learning. Also, the prediction time for each transaction 
decreased by 45%, which reflects a significant improvement in the speed of model 
execution and the ability to analyze transactions in real time more effectively  

 

 

Figure 3: Impact of Data Enhancement on Model Execution Time 

The horizontal axis (X-axis) represents the measures of execution time, 
namely: Training Time and Inference Time. While the vertical axis (Y-axis) 
represents the training time in hours, and the prediction time in seconds for each 
transaction. The results showed an improvement in the model execution speed after 
improving the data quality, as the training time decreased from 4.2 hours to 3.5 
hours, which shows that the improved data helped speed up the learning process of 
the model. Also, the prediction time for each transaction is significantly improved, 
as it decreased from 3.8 milliseconds to 2.1 milliseconds, which means that the 
model has become more efficient in processing individual transactions at a higher 
speed as Figure (3). 
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Therefore, we do not conclude: improving the data led to improving the 
accuracy and retrieval of the deep model (DNN), which makes it more efficient in 
classifying transactions and analyzing blockchain data compared to other traditional 
models. 

Table 5: Model Performance Comparison 

Model Accuracy (%) Recall (%) AUC-ROC 

Random Forest 89.3% 76.5% 0.85 

SVM 90.1% 80.2% 0.88 

DNN (Before Data 
Processing) 

91.2% 78.3% 0.87 

DNN (After Data 
Processing) 

96.7% 92.6% 0.97 

 

Analysis of the results showed that deep neural networks (DNN) after data 
refinement outperformed traditional methods such as Random Forest and SVM in 
all parameters. Also, the recall rate increased by more than 16% compared to 
traditional methods, which reflects the ability of the improved model to detect more 
fraudulent operations with higher efficiency as table (5). 

 

 

Figure 4: Model Performance Comparison across Techniques 
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The horizontal axis (X-axis) represents different machine learning models: 
Random Forest, SVM, DNN (without data enhancement), and DNN (after data 
enhancement). While the vertical axis (Y-axis) represents the percentile 
performance of the evaluation measures: accuracy, recall, and AUC-ROC curve. 
The results showed that the Random Forest model achieved an accuracy of 89.3%, 
but the retrieval average was 76.5%, which means that it was not actively detecting 
all positive cases. As for the SVM model, it showed an improved performance with 
an accuracy of 90.1% and a recall rate of 80.2%, which indicates an improvement in 
detecting positive cases compared to Random Forest. While the DNN model before 
data refinement achieved 91.2% accuracy with a recall average of 78.3% and an 
AUC-ROC curve of 87%, which indicates the possibility of refinement. But after 
improving the data, the DNN model has the best performance with 96.7% accuracy, 
92.6% average recall, and 97% AUC-ROC, which shows that improving the data 
quality greatly improves the performance of the model as figure (4) . 

4.5 .Consistency examination 

Consistency checking is an essential element in evaluating the performance of 
deep models used in blockchain data analysis and quality improvement. The 
purpose of this test is to ensure that the model provides consistent performance 
across different data sets, or that the performance is high only on a particular data 
set due to over-allocation. (Over fitting). 

1. Consistency of performance across different data sets 

The theme of testing the model of deep networks (DNN) with data 
optimization using GANs and VAE on three different data sets to achieve 
performance stability. 

Table 6: Dataset Size vs. Model Performance 

Dataset Number of Transactions Accuracy (%) Recall (%) AUC-ROC 

Dataset A 500,000 96.7% 92.6% 0.97 

Dataset B 750,000 95.9% 91.2% 0.96 

Dataset C 1,000,000 95.5% 91.2% 0.96 

The fit analysis showed that the difference in performance between the 
training data (97.1%) and the test data (96.7%) is very small, which indicates that 
the model does not suffer from the problem of over fitting. Also, the convergent 
values of Precision, Recall and F1-Score rates between training and testing confirm 
that the model retains good performance when applied to new data, which 
strengthens its reliability and efficiency in predicting potential transactions as table 
(6) . 
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Figure 5: Model Performance Stability across Varying Dataset Sizes 

It shows the consistency analysis of the model's performance across different 
data sets, where the theme is evaluated using the horizontal axis (X-axis) to 
represent the data sets A, B, and C, while the vertical axis (Y-axis) reflects the 
percentile performance of the evaluation measures such as accuracy, recall, and 
AUC-ROC curve. The model achieved the highest accuracy in dataset A (500,000 
transactions) of 96.7% with average recall of 92.6% and AUC-ROC of 97%, which 
reflects strong performance with moderate data volume. For dataset B (700,000 
transactions), the accuracy saw a slight decrease to 96.2%, while the average 
retrieval decreased to 91.8% and the AUC-ROC decreased to 96%, indicating that 
performance is affected by the increase in data volume. However, in data set C 
(1,000,000 transactions), the residual accuracy is high at 95.9% with average recall 
of 91.2% and AUC-ROC of 96%, which indicates the establishment of the model 
with a slight effect when dealing with large data volumes. The emphasis of these 
results is the consistency of the model's performance across different data sets, 
which indicates its ability to adapt to the data while maintaining high accuracy and 
recall as figure (5) . 

2.Establishment of performance through repeated experiences 

The theme of running the model 5 independent times using the same data but 
with different settings for the initial weights (Random Initialization) to find out how 
the results are affected by randomness 
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Table 7: Model Evaluation across Multiple Trials 

Trial Number Accuracy (%) Recall (%) AUC-ROC 

Trial 1 96.5% 92.1% 0.96 

Trial 2 96.7% 92.6% 0.97 

Trial 3 96.5% 92.6% 0.96 

Trial 4 96.5% 92.0% 0.96 

Trial 5 96.5% 92.0% 0.96 
 

The correlation analysis shows that the differences between the results are 
very small, which indicates the establishment of the model and the lack of 
randomness in the initial preparation. Also, the AUC-ROC ratio varied between 
0.96 and 0.97, which reflects the stability of the model's ability to distinguish 
between normal and fraudulent transactions, which makes it reliable and effective 
when applied to new dataas table (7) . 

 

3.Testing the sensitivity of the new lipstick model: 

The theme of testing the model on previously unseen data is the new 
infinitive, to find out the extent of generalization. 

Table 8: Model Evaluation with Different Data Sources 

Data Source Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

Data from the same source 96.1% 94.3% 91.9% 92.6% 

New data from a different source 96.1% 94.6% 92.6% 93.3% 
 

Insistency analysis shows that the model retains high performance when 
applied to new data before its insights, which indicates its ability to generalize and 
does not rely on specific patterns in the original data set. Also, the decrease in 
performance by a small percentage (~0.6%) only reflects the establishment of the 
model and its ability to deal with different data without loss of accuracy as table (8) 
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5 . Conclusion 

In this research, we developed an approach based on Deep Generative 
Networks to analyze and improve data quality in blockchain networks. This 
approach aims to address problems related to data quality, such as noise, repetition, 
and inconsistent data, which may affect the accuracy and authentication of 
transactions in the blockchain. 

Main results 

The results of the experiments showed that the employment of deep 
generative networks (GANs and VAEs) actively contributes to the improvement of 
data quality through reliable data reproduction and noise reduction. This has led to 
improving the performance of deep learning models in detecting random processes 
and predicting patterns, which increases the accuracy and consistency of 
classification. As the results show, the model preserves the established performance 
across multiple data sets and different sources, which proves its generalizability. 
Thanks to these advantages, this approach can be combined with blockchain 
systems to enhance the efficiency of transaction analysis and fraud detection, which 
contributes to improving the reliability of data in web environments. 

Challenges and future directions 

Despite the success of the model in improving data quality, there are some 
challenges that must be addressed in future research, such as improving the 
efficiency of generative models when dealing with large data in the blockchain, and 
reducing the computational cost of artificial intelligence models to ensure efficient 
implementation. In addition, other techniques such as Reinforcement Learning can 
be explored to enhance the accuracy of data analysis and improve the performance 
of the model in discovering random patterns. 

Finally 

This research confirms that employing deep generative networks can be an 
active solution to improve the quality of blockchain data and enhance the accuracy 
of predictions and transaction analysis. It is possible that these results contribute to 
the research of a more secure and sustainable blockchain structure, which enhances 
trust in modern financial and decentralized applications. 

6. Recommendations of the Current Study 

1-  Improving the quality of data in blockchain systems by using deep 
generative networks (GANs and VAE), which contributes to reducing noise and 
repetition and improving the accuracy of analytical models. Also, previous data 
purification techniques are combined with generational models to ensure the 
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elimination of unreliable data before analysis, which increases the reliability and 
accuracy of the results. 

2- Improving the quality of data in blockchain systems by using deep 
generative networks (GANs and VAE), which contributes to reducing noise and 
repetition and improving the accuracy of analytical models. Also, previous data 
purification techniques are combined with generational models to ensure the 
elimination of unreliable data before analysis, which increases the reliability and 
accuracy of the results. 

3- To develop more efficient models for analyzing blockchain data through 
improving the performance of generative networks using techniques such as 
Attention Mechanisms to increase the accuracy of predictions and reduce errors. 
Reinforcement learning is also used to adapt the models according to the changing 
data in the blockchain networks, which enhances the ability of the models to deal 
with the dynamic challenges in this field. 

4- Reducing computational tasks and improving performance through the 
development of more efficient deep model structures, making them lighter and 
faster in execution while reducing the consumption of computer resources. In 
addition, distributed models and cloud training are employed to speed up data 
processing, which enhances the efficiency of deep learning when dealing with large 
data sets in blockchain systems. 

5- Strengthening the security and reliability of the blockchain through the 
integration of artificial intelligence with smart verification mechanisms in smart 
contracts, which ensure accurate and reliable analysis of the data before adding it to 
the register. In addition, the use of generative networks to detect fraudulent attacks 
and manipulation of data in suspicious transactions, which increases the level of 
protection and security in the system. 

6- To explore new applications of generative models in blockchain through 
their use in analyzing financial transactions, assessing risks, and predicting market 
patterns within decentralized systems. In addition, the use of these models in the 
development of reliable digital identities (Decentralized Identity Verification) 
depends on the blockchain, which enhances the security and trust in the verification 
of digital identity. 
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