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Abstract: Blockchain is a distributed ledger that stores blocks called records that are linked with cryptography in a decentralized 

environment. It has many characteristics, such as immutability, security, and transparency. Hence the, blockchain technology is widely 

used in various real time applications such as industry and business. Though it has many good characteristics, it faces challenges such 

as Scalability and Privacy. The scalability of blockchain systems is an ongoing challenge in the pursuit of efficient transaction 

processing and widespread adoption. To address this issue, this study examines how machine learning algorithms can optimize 

blockchain systems' scalability. Specifically, we investigate the effectiveness of four popular machine learning algorithms: linear 

regression, logistic regression, random forest, and XGBoost gradient boosting. Through empirical analysis and experimentation, we 

evaluate the performance of these algorithms in improving the scalability of blockchain systems. We use real-world data sets and 

simulation environments to measure each algorithm’s ability to predict transaction throughput, latency, and network congestion under 

various loads and conditions. Our research provides practical recommendations for integrating machine learning techniques into 

blockchain infrastructure to achieve enhanced scalability and improved transaction processing efficiency. The study advances how 

machine learning can be leveraged to optimize blockchain scalability. It paves the way for more robust and scalable decentralized 

systems in the future. 
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I.  INTRODUCTION  

 Blockchain technology represents a robust, decentralized, and trustworthy database system that ensures data 

integrity and security through various mechanisms such as data encryption, data linking, multi-copy storage, 

and distributed consensus [4]. it discusses how blockchain technology solves the Byzantine attack problem 

in digital cash systems[14]. Blockchain allows transactions to be conducted without intermediaries or trusted 

third parties. This paper explores the principles and mechanisms of blockchain and its potential applications. 

Improving the performance of blockchain is vital for its use in various sectors. 

  The significant impact of blockchain technology [7] was initially propelled into the spotlight by the 

success of Bitcoin. Its immutability, security, and transparency attributes have garnered widespread 

interest across various sectors, offering a new paradigm for decentralized systems in inherently untrusted 

environments. However, despite its potential, blockchain adoption has faced obstacles primarily related to 

security and performance issues[19]. The surge in transactions coupled with restrictions on block sizes 

has exacerbated these challenges, prompting concerns about scalability and efficiency [12]. 

Beyond crypto currencies, blockchain technology holds promise for revolutionizing numerous sectors, 

including healthcare, manufacturing, distribution, and governance [8].Blockchain technology has many 

applications, including secure sharing of health records, logistics agreements, and financial transactions. 

However, as transaction volumes and network sizes increase, the limitations of the technology become more 

evident, resulting in reduced efficiency and sluggish processing. The current performance of blockchain 

technology poses limitations, particularly concerning cryptocurrencies [13]. 

 In order to improve the scalability issue, several techniques are developed such as onchain, and offchain 

techniques[16].Sharding is one onchain technique that paralyzes transaction execution by creating 

shards[21][25][26]. Some solutions contribute to scalability improvement by reducing the latency of 

transactions execution [15]. 
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 In order to overcome the challenges[11], the research explores the integration of machine learning techniques to 

optimize the performance of Proof-of-Work (PoW) consensus protocols, a cornerstone of blockchain technology. 

By leveraging machine learning algorithms, we aim to develop a robust solution capable of enhancing the 

scalability and efficiency of  blockchain networks without sacrificing security or decentralization [18][ 20]. 

II. LITERATURE SURVEY  

The intersection of machine learning (ML) and blockchain Technology presents promising avenues for 

enhancing identity verification and security protocols [1].ML algorithms precisely validate users' identities by 

analyzing biometric data, such as fingerprints or facial recognition, which are inherently difficult for hackers to 

replicate.By securely storing this sensitive information in a decentralized manner using Blockchain, the risks 

associated with centralized data repositories are mitigated, providing an added layer of security. This integration 

of ML-driven identity verification and blockchain-based security measures represents a formidable approach to 

safeguarding digital systems and protecting sensitive information. 

Bitcoin Bitcoin-NG [2] introduces a significant performance enhancement by two phases of operations in 

Bitcoin: leader election and transaction serialization.This structural segmentation optimizes the transaction 

process, enabling improved scalability and throughput within the network.By decoupling these essential 

functions, Bitcoin-NG streamlines transaction validation and block creation, reducing latency and enhancing 

overall efficiency.In contrast, Federated Blockchain diverges from the conventional centralized model by 

distributing control across multiple organizations rather than a single entity. Federated Blockchain decentralized 

governance structure promotes transparency, resilience, and equitable participation, offering a promising 

alternative to traditional centralized systems. 

     The paper [3] introduces the "Blockchain Reputation-Based Consensus"(BRBC) mechanism as a novel 

approach to achieving consensus within blockchain networks, leveraging the reputation and behavior of 

participating nodes. By incorporating reputation metrics, BRBC aims to enhance the reliability and security of 

the consensus process.Furthermore, the paper addresses a comprehensive threat model for the system, 

acknowledging potential attacks where adversaries can intercept, manipulate, or discard transactions within the 

network. To evaluate the effectiveness and correctness of the proposed system, the paper conducts a thorough 

analysis, including an examination of the system state, security assessment, and simulation studies. Notably, the 

BRBC mechanism operates without assuming inherent trust among network participants. 

Paper [4] introduces a decentralized FL (Federated Learning) framework for data evaluation, utilizing a private 

blockchain infrastructure and a model owner responsible for managing the global model.Users and miners play 

distinct roles within this framework, with users granted access to the model while the owner specifically selects 

miners.The two datasets used for evaluating the FL framework are the Brain Tumor dataset and the Medical 

MNIST, aiming to simulate real-world FL applications closely.Notably, the framework employs a custom-built 

blockchain rather than relying on existing ones. The baseline accuracy for the datasets is approximately 95 and 

99.7, respectively, without blockchain integration. However, when blockchain is introduced, accuracy hovers 

around 90, with a slight decrease observed as the number of malicious nodes increases. Additionally, the study 

highlights the necessity of creating separate blockchains for different models as part of the FL process. 

III. PROPOSED METHODOLOGY 

The proposed methodology involves developing machine learning algorithms for improving the scalability of 

blockchain systems without compromising security and decentralization.It involves several steps, including data 

collection, preprocessing, model implementation.The methodology leverages a combination of statistical and 

machine learning models to improve the accuracy of predictions. 

A. Dataset Description 

The Bitcoin dataset is taken from https:/gz.blockchair.com/bitcoin/blocks/.The dataset sample is given in Fig 

1.The fields of the dataset are: 
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Fig.1. Dataset 

• Id : denotes each transaction unique value 

• Size  : Actual amount of data 

• Input count : total number of inputs given at a time   

• Diff : time taken to execute transaction .  

• Output count : number of outputs generate by machine  

• Nounce : probability finding element . 

The system design of the proposed methodology is shown in Fig 2.The steps to be carried are as below. 

• Dataset Collection: The first step involves collecting blockchain data from various sources. This data may 

include transaction records, block information, smart contract data, or any other relevant information stored 

on the Blockchain. 

• Preprocessing: For blockchain data, preprocessing involve handling missing values, removing duplicates, 

and converting data types as needed and also parsing raw data structures, converting them into a structured 

format. 

• Normalization:Normalization is the procedure of rescaling numerical variables to a consistent range, usually 

between 0 and 1. The main purpose of normalization is to ensure that each variable contributes equally to the 

analysis, thereby preventing variables with larger values from dominating the analysis. 

• Partitioning:After the data has been preprocessed and normalized, it is usually divided into the training and 

testing sets. This assesses how well the models will generalize to new, unseen data. 

• Setting Parameters: Before training the models, it's essential to set parameters such as the learning rate, 

regularization strength, and model architecture. These parameters control how the models learn from the data 

and can significantly impact their performance. 

• Implementing Various Models: Once the parameters are set, various machine learning models can be 

implemented and trained using the training data.  

• Training and Testing: The training phase involves feeding the training data into the machine learning 

models and adjusting the model parameters iteratively to minimize the error between the predicted and actual 

values. 

• Evaluation and Tuning: Finally, parameters such as accuracy, precision, recall, or F1-score are measured, 

depending on the specific task.This measures the training model performance. 
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Fig 2.System Design 

The dataset, crucial for training and evaluating the model, is divided into three main sets: training, testing, and 

validation, as shown in Fig 3. 

 

Fig 3. Dataset distribution into train, test, and validation set 

B.                        Implementation 

The implementation section explains the details of the system by describing each component with its code 

skeleton in terms of algorithm.Here the accuracy of each model is measured. The model with highest 

accuracy is chosen for transactions executions in blockchain system. 

a) Linear regression 

          Linear regression model [9] shown in Fig 4 describes the relationship between a dependent variable 

(Y) and independent variables (X).It assumes a linear relationship described by Y= +1 x1+2 x2 + 3 x3.....+n 

xn     The goal is to  find  coefficients that  minimize the  difference between predicted and observed values. 

Metrics like R-squared and mean-squared error assess the performance of the model. 

 



J. Electrical Systems 20-3 (2024):5604-5611 

  5608  

Fig.4. Linear Regression Architecture 

b) Logistic  Regression 

Logistic regression [9] as shown in Fig.5 is a supervised learning algorithm used for classification tasks.  It 

predicts the probability of an instance belonging to a specific class using a sigmoid function that maps 

real-valued inputs to a value between 0 and 1. Unlike linear regression, it predicts categorical or discrete 

values. 

 

Fig. 5 Logistic Regression Architecture 

c) XG Boost 

XG Boost[9] combines decision trees sequentially to build a strong predictive model is shown in Fig 6. It 

reduces computation time and memory usage by randomly sampling a subset of the training data at each 

iteration. Regularization techniques are employed to prevent over fitting. XG Boost supports various loss 

functions and is evaluated using metrics like mean squared error, log loss, accuracy, precision, recall, and 

F1-score. It’s widely used in regression and classification tasks across domains like finance, health- care, 

marketing, and recommendation systems, offering efficiency for large datasets with high predictive 

accuracy. 

 

Fig.6 XG Boost architecture 

d) LSTM 

LSTM[9] is a type of RNN that overcomes the limitations of traditional RNNs in cap- turing long-range 

dependencies and handling vanishing gradients is shown in Fig 7. LSTM uses memory cells with input, 
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forget, and output gates to selectively retain or forget information over long sequences. It’s flexible, 

scalable, and has become a fundamental tool in natural language processing, time series analysis, and 

speech       recognition. 

 

Fig.7. LSTM Architecture 

IV. RESULTS AND DISCUSSION 

The evaluation metrics[10], including make span, response time, throughput,  size, and swarm calculation 

follow the same formulas for different algorithms. These metrics provide a standardized and consistent way 

to assess the performance of each algorithm in dynamic load balancing, ensuring a comprehensive and 

comparable evaluation across the diverse architectures employed in the study. 

1. Accuracy: 

                                          

             Accuracy=
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
                                                                     (1) 

 

2. Precision: 

       Precision=
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠+𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
                                                                  (2) 

 

3.    F1Score: 

 

F1 Score=2*
Precision × Recall

Precision + Recall
                                                                                   (3) 

Table 1 shows the results of the analysis of the models. Five different models are used, and their training 

and testing accuracy are compared. The Fig 8. shows the accuracy results of the various machine learning 

models, providing valuable insights into their suitability for addressing the problem of enhancing 

blockchain scalability without compromising security and decentralization.                                          

 XGBoost [7] demonstrates the highest accuracy of 82.3, indicating its potential effectiveness in optimizing 

blockchain scalability while maintaining security and decentralization.This suggests that XGBoost's 

ensemble learning approach may offer robust performance in managing the complexities of blockchain 

networks, potentially improving transaction throughput and overall scalability without sacrificing security 

measures. 

Table1.Performance of Machine Learning Models 

Model Accuracy 

Linear Regression 14.5 

Logistic Regression 14 
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Model Accuracy 

XGBoost 82.3 

Random Forest 10 

LSTM 10 

 

On the other hand, Linear Regression[7] and Logistic Regression exhibit similar accuracy of 14.5 and 14 

respectively. While these models may provide some insights into the problem, their lower accuracy's 

suggest that they may not capture the intricate relationships within blockchain data as effectively as 

XGBoost. 

 

Fig.8.  Algorithms and their Accuracy 

Random Forest and LSTM[7], with accuracy's of 10 each, also indicate limited effectiveness in addressing 

the problem statement. Random Forest's ensemble learning approach and LSTM's recurrent neural network 

architecture may not be well-suited for capturing the nuanced patterns and dynamics of blockchain data in 

a scalable and secure manner. 

V. CONCLUSION 

The comparison of machine learning algorithms revealed distinct variations in their predictive accuracy. XG 

Boost and Random Forest emerged as the top performers, achieving an impressive accuracy rate of 82.3%. 

Conversely, Linear Regression, Logistic Regression, and LSTM demonstrated considerably lower accuracy 

rates, ranging from 10% to 14.5%. These findings show that employing XGBoost or Random Forest would 

yield the most favorable outcomes for tasks requiring precise predictions. Conversely, Linear Regression, 

Logistic Regression, and LSTM may not be optimal due to their comparatively lower accuracy rates. Hence, 

the XGBoost model can applied for transaction executions, which improves the scalability. There is the 

future scope for determining accuracy with DNN and Reinforcement Learning models.. 
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