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Abstract.  

 

Cryptocurrencies like Bitcoin are a contentious and difficult technological inno-

vation in today's financial system. With huge improvements in financial markets, 

machine learning and Artificial Intelligence aided trading have piqued interest in 

recent years. This study suggests a predicting model for blockchain bitcoin cryp-

tocurrency prices and its profitability trading strategies using machine learning 

algorithms (ICA-Firefly and SVMs). For the prediction analysis of Bitcoin cryp-

tocurrency data, this study combines ICA-Firefly with SVM algorithms. The 

model was tested on a large dataset of 2,194 samples, and its performance was 

analyzed in terms of evaluation metrics. In evaluation to state of the art, the ICA-

Firefly with L-SVM and Sigmoid SVM classification approach performs well on 

the bitcoin sample dataset, with an accuracy of 95% and 97%, respectively. The 

ICA-Firefly with the SVM model can be adopted as a viable financial system 

sustainability management strategy. 

Keywords: Blockchain, ICA, Firefly, SVM, Machine Learning. 

1 Background of the Study 

Owing to its potential applications in finance, stock chain management, and cyber-

security, blockchain is quickly gaining popularity. Significant advancement of block-

chain technology has the latent for users to directly exchange ownership of digital re-

sources (such as cryptocurrencies) to one another inside a dispersed and distributed 

peer-to-peer network lacking the assistance of a third party (e.g., financial institution). 

Transactions change the global state of the blockchain network by transferring owner-

ship of resources. Respective transaction published to the blockchain network necessi-

tates digital autographs by the user, using a digital signature technique [1]. Bitcoin is a 

decentralized virtual integrated financial management information solution that al-

lows peer-to-peer transactions without any centralized authority. Cryptography is used 

to secure network transactions and liquidity. Presently, the system has a vibrant open-

source community and payment network. Bitcoin's ecosystem is attracting a lot of 
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interest from enterprises, individuals, and financiers due to the distinct payment proto-

col and its rising popularity. To succeed, financial products and services that are pres-

ently accessible in our conventional, fiat money world must be replicated and custom-

ized to Bitcoin and other developing cryptocurrencies [2]. 

Among the most contentious and unclear breakthroughs in the current economic en-

vironment has been the rapid development of digital currencies during the last decade. 

The organization of the economy, capital industry, and payment systems are all chang-

ing as technology advances. Financial markets around the world have become more 

digitized than ever before, and a cashless society is on the horizon. People can now 

produce their own money (digital cryptocurrency) thanks to modern technology, and 

the role of central banks as lenders of last resort is being debated [3]. Bitcoin, like some 

other cryptocurrencies, is a finance phenomenon in which data is viewed as money. 

Users (referred to as "miners") transmit and receive cryptocurrencies (data) electroni-

cally from their workstations in peer-to-peer information systems to purchase goods 

and services if other parties are willing to accept these transactions. In 2019, the market 

valuation of 2957 cryptocurrencies and the number of miners hit $221 billion (Bitcoin 

$147) and 42 million, respectively. From its inception in 2009 to Late august 2020, the 

price of Bitcoin has risen dramatically, from $0.0008 to $10,168 per single coin [4]. 

Cryptocurrencies like Bitcoin are among the most contentious and difficult techno-

logical advancements in today's financial system. Given that Bitcoin is still an emerging 

technology with such a highly volatile market value, current valuation prediction mod-

els are scarce and ineffective in a production setting [5]. Investors in the Cryptocurrency 

market establish trust connections by creating Blockchains based on cryptography and 

hash algorithms. Bitcoin's inherent qualities, obtained from Blockchain technology, 

have sparked a wide range of analytical concerns, with economics and cybersecurity 

and machine learning [6]. Machine learning techniques are being used since they do 

not need explicit principles and divide datasets into training and testing sets for learn-

ing. It enables machines to "learn" and predict the future [7][8][9]. 

Several studies have lately been directed on modeling Bitcoin pricing as a growing 

market element with accurate, relevant rules. Machine learning techniques, for exam-

ple, recurrent neural networks (RNNs) and long short-term memory (LSTM) are used 

to price bitcoin, and the results are compared to those obtained with autoregressive in-

tegrated moving average (ARIMA) models, among other studies on data analysis or 

economic characteristics and representations of Bitcoin prices relate directly to its fea-

tures and functionality as a financial asset. They exhibit low predictive performance 

accuracy through binomial logistic regression, support vector machine, and random 

forest [9][10]. With the advancement of machine intelligence, forecasting Bitcoin has 

gained a lot of attention, a lot of studies have evolved yet more improvement needs to 

be carried out using machine learning algorithms for prediction of cryptocurrency sys-

tem, in terms of the technical input parameters, existing continuous dataset, machine 

learning algorithms for forecasting the performance. To provide improved projections, 

many studies have been used in modeling and forecasting stock prices. This work is, in 

fact, a crucial phase in financial decision-making involving portfolio optimization, risk 

assessment, and trading. The use of machine learning to analyze and predict cryptocur-

rency prices is one of the hottest topics in financial markets.  



3 

This study uses an innovative strategy based on machine learning to predict the price 

of bitcoin cryptocurrency. In order to analyze the processes, an ICA with the Firefly 

method is used to choose relevant information from the given sample dataset and clas-

sify it using SVM kernels, the evaluation of the performance is investigated in terms of 

accuracy, sensitivity, specificity, among others. 

 

The paper is structured in five sections. The next section discusses about the related 

works. Section 3 discusses on the materials and methods used. In Section 4, the results 

are discussed. Section 5 summarizes and discusses the conclusion of the paper. 

2 Review of Related Works 

Machine learning algorithms are being used for predicting Bitcoin price fluctuations 

[4], Artificial Neural Networks, Support Vector Machines, Naïve Bayes, and Random 

Forest, in addition to the logistic regression model, were used to evaluate algorithm 

performance utilizing continuous and discrete datasets. The results of the ANN, SVM, 

NB, and RF were compared to the results of the LR using the t-test. According to em-

pirical studies, the RF has the best prediction accuracy in the continuous dataset, 

whereas the NB has the worst. However, the ANN has the best performance in the 

discrete dataset, and the NB has the worst. Also, the algorithms (models) evaluated the 

discrete dataset and enhanced overall predicting performance. 

A micro-credit scoring method using machine learning was suggested [11], evaluat-

ing different machine learning techniques on actual fintech information to see how ef-

fective they are in categorizing debtors into different credit classifications. They 

showed that using readily available information about customers, off-the-shelf multi-

class classifier like decision tree methods may do excellently (such as age, occupation, 

and location). This provides micro-lending organizations in developing countries with 

a low-cost and effective means to evaluate creditworthiness in the lack of credit record 

or centralized credit repositories. 

The use of Google trends and keywords in a deep learning model for global financial 

prognostication was suggested [12]; using Google Trend for Internet searches, they 

looked at the relationship involving google movements and the Taiwan Weighted Stock 

Index. In the correlation test and the regression analysis, Google Trend's search terms 

volume was employed. The terms were then investigated in two studies: the first was 

machine learning, and the other was searching trends. Following empirical analysis, it 

was discovered that the neural network outperformed the support vector machine and 

decision trees in the experimental one. As a result, in the conducted test, the neural 

network was chosen in comparison with the search trend. 

An empirical strategy to analyzing machine learning classification for stock markets 

was proposed [13]; through a series of exchange imitations in the FOREX marketplace, 

we examine the significance of simple machine learning models in achieving profitable 

trading. It assesses the models' effectiveness and the extent to which specific model 

parameters produce methodical trade projections. The use of extracting features, fre-

quently occurring retraining, and training set size is addressed in to get a combination 
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of such parameters proficient with not only creating positive cumulative yields for ma-

chine learning models, and also demonstrating that simple algorithms initially pre-

vented cash flow forecast. The study outlines how such an integration of features, in 

related to technological markers which have been used as input data to machine learn-

ing-based predictive variables, such like cost-based information, seasonal fluctuations 

characteristics, and lagged values used in classical time series analysis, can be used to 

improve classification capacities that directly affect ultimate profitability. 

Over the use of machine learning techniques in significant financial and banking 

industries, a study and classification of neural networks in financial services was pre-

sented [14], including an emphasis on modeling preparation, inputs, and parameter es-

timation. Furthermore, relevant components that would have an impact on the outcomes 

of economic deep neural networks are examined. This study informs scientists and pro-

fessionals about the state-of-the-art in the usage of machine learning techniques in in-

vestment banking. 

Several cryptos prediction using machine learning and professional trading metrics 

[15], modeling cryptocurrency price increases with a neural network approach having 

lowest method damage of over 100 epochs in training and Technical Trade Pointers 

charts that depict a actual BTC price of 5 to 10 times in 300 days of the recent economic 

year has bolstered trader confidence and shifted the universal cryptocurrency chart by 

predicted BTC values. In a similar vein, employing Machine Learning and Sentiment 

Analysis to analyze bitcoin pricing. They looked at stock market movements to see 

whether they could forecast bitcoin prices quantitatively. In addition, researchers in-

vestigated the impact of international currencies, including the American dollars and 

currency exchange rates on Bitcoin rates, including whether Bitcoin really does have 

the consistency to depose world monetary systems and be the sole monetary system. 

The research seemed to be satisfactory to assist in prediction models, with findings 

acquired that indicate an accuracy to predict price of bitcoin and to use a machine learn-

ing-based neural network obtaining an accuracy of 94.89 % in all constraints of con-

ceptual market sign during estimation, significantly reducing its current value over 13.7 

% 2020 solely. 

Machine learning is used to predict and trade cryptocurrencies amid shifting eco-

nomic conditions [16], The predictability of significant cryptocurrencies such as 

Bitcoin, Ethereum, and Litecoin, and also the financial performance of investment strat-

egies based on machine learning, are explored in this research (e.g., linear models, ran-

dom forests, and support vector machines). The results are developed in a time of pro-

found upheaval and evaluated in a time frame of market corrections, enabling for eval-

uation of whether the estimations are accurate and when business trajectory shifts 

among analysis and testing. The classification and regression methodologies utilize 

buying and selling and network connections qualities from August 2015 to March 2019, 

with the sample test starting in April 2018. Five of the 18 specific models tested had 

less than 50% success rates during the testing period. The exchange strategies depend 

on the assembly of models. For Ethereum and Litecoin, the ensemble that assumes five 

models yield undistinguishable signs (Ensemble 5) and attains the best results, with 

annualized Sharpe ratios of 80% and 91%, respectively, and annualized revenues (sub-

sequently relative round-trip exchange costs of 0.5%) of 9.62% and 5.73%. These 
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encouraging findings back up the claim that machine learning can be used to investigate 

the predictability of cryptocurrencies and devise profitable trading strategies in these 

markets, even in the face of adversity. 

Multiple machine learning technologies for predicting cryptocurrency price com-

plexities were suggested [17], The case diagram of cryptocurrencies is incredibly com-

plicated, predicting the future hard. They used two popular machine learning algo-

rithms, the adequately Artificial Neural Network and the Long-Short-Term-Memory, 

to model the value of numerous prevalent cryptocurrencies and Bitcoin, Ethereum, Rip-

ple, Stellar Lumens, Litecoin, and Monero, in this study. They analyzed the model's 

performance and proceeded to run an analysis to learn more about our model's perfor-

mance. They discovered that, while LSTM appears to be more relevant for time se-

quence prediction problems, ANN outperforms LSTM in general in our experiments. 

The use of price data from other cryptocurrencies for simultaneous training and predic-

tion could make BTC prediction much easier. Furthermore, the predictive inaccuracy 

of the model is greatly dependent on the time scale of interest. 

Data analysis in crypto exchanges was proposed [18], proposing a retraining ma-

chine learning-based actively traded model and applying it to five main cryptocurren-

cies in flux; they showed how, compared to a purchase strategy, this model generates 

greater risk returns and lowers downside risk. When actual transaction costs are taken 

into account, these conclusions hold true. They concluded that the model could be used 

in real-world asset management, but efficiency will vary depending on how it will be 

validated in test samples. 

Financial markets and machine learning for cryptocurrency were suggested [19], de-

termining how machine learning is used in the financial markets Despite the fact that 

much artificial intelligence research has been published, they are concentrating on re-

cent financial market studies with possible applicability to blockchain-based cryptocur-

rencies. While different machine learning techniques have varied goals, they all aim to 

make money and anticipate future pricing. Their conclusion demonstrates the ad-

vantages of employing such models to account for a variety of financial market occur-

rences. They come to the conclusion that artificial intelligence techniques for financial 

markets, namely machine learnings, cannot acquire all features of the given data in the 

same way that general artificial intelligence can. As a result, depending on the dataset's 

structure and hierarchy, it's only natural to choose a desirable strategy. In addition, the 

researcher's perspective on the market influences the approach he or she takes. 

Machine learning-based models for bitcoin value predictions was proposed [20], by 

evaluating the efficiency of one-stage methodologies based on a single machine learn-

ing approach, such as the Bayesian Neural Network, Feed Forward, and Long Short 

Term Memory Neural Networks, and two-stage bases constructed by the neural net-

works listed above in succession to Support Vector Regression. The results show that 

the two-stage frameworks outperform the corresponding one-stage frameworks, except 

for the Bayesian Neural Network. The performance of the one-stage Bayesian Neural 

Network system is the best, and the demand of magnitude of the mean absolute per-

centage error calculated on the anticipated value by this framework agrees with those 

provided. 
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Using machine learning to analyze cryptocurrency values was proposed [21], this 

method was presented to test the notion that the bitcoin market's inefficiencies might 

be used to produce extraordinary gains. Between November 2015 and April 2018, 

they examined daily data for 1681 coins. They showed that established benchmarks are 

outperformed by simple trading techniques aided by cutting-edge machine learning 

methods. Their findings suggest that nontrivial but ultimately straightforward algorith-

mic processes can aid in forecasting the bitcoin market's short-term evolution. 

Predicting with deep learning in cryptocurrency elevated trades was suggested [22], 

With 65,535 samples, they used a deep forward neural network (DFFNN) to analyze 

and forecast Bitcoin high-frequency price data. To see how standard numerical training 

procedures, such as the conjugate gradient with Powell-Beale resumes, the robust 

method, and the Levenberg-Marquardt method, affect the accuracy of DFFNN. The 

simulation findings demonstrate that DFFNN trained with the Levenberg-Marquardt 

significantly outperforms DFFNN trained with Powell-Beale restarts and DFFNN 

trained with robust methods when using root mean squared errors (RMSEs). Further-

more, the robust method is quick, implying that it could be useful in online training and 

trading. 

A review of huge developments and research gaps in blockchain-enabled IIoT net-

works supervised learning in blockchain-enabled IIoT networks was conducted [23]; 

though blockchain-enabled IIoT networks have the ability to meet the services and ex-

pectations of next-generation networks, the gap study offered in this paper identifies 

key areas that require development. The essay then proposes the use of reinforcement 

learning (RL) approaches to resolve some of the major difficulties of blockchain-ena-

bled IIoT networks, for example, block time minimization and transaction throughput 

enhancement, based on these discoveries. A complete case study follows, in which a 

Q-learning methodology is utilized to reduce the transmission delays for a miner, hence 

limiting the occurrence of forking occurrences. Extensive simulations were carried out, 

and the results for the average transmission delay relating to forking events were ob-

tained. The collected findings show that the Q-learning strategy beats the greedy policy 

while remaining relatively simple. Some future research directions are also documented 

in order to further create blockchain-enabled IIoT networks. While this research focuses 

on the use of RL approaches in blockchain-enabled IIoT networks, the insights and 

results presented could help accelerate the adoption of blockchain technology. 

A targeted anomaly detection method based on machine learning for efficient block-

chain transaction authentication was proposed [1]. Digitally signed transactions are 

used to store blockchain-related data in distributed ledgers. Its ledger data is saved once 

users with digital identities conduct a digital signing process. This procedure takes a 

long time and is not user-friendly. This paper presents a machine learning-based solu-

tion for automating the signing of blockchain transactions, as well as tailored anomaly 

detection. For testing the performance, an experiment and analysis were conducted us-

ing data from the Ethereum public main network, with positive findings paving the way 

for future integration of such a mechanism in specialized digital signing software for 

blockchain transactions. 

The limitations of machine learning integration in blockchain-based smart technol-

ogies, and a way forward [24]. Blockchain technology (BT) has emerged as a one-of-
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a-kind, disruptive, and trending technology. Data security and privacy are prioritized in 

BT's decentralized database. It also has a consensus system that ensures data security 

and legitimacy. Nonetheless, it introduces new security concerns, such as majority at-

tack and double-spending. Data analytics on blockchain-based secure data is required 

to address the aforementioned concerns. The value of emerging technology Machine 

Learning is highlighted through analytics on these data (ML). To create precise choices, 

machine learning uses a reasonable amount of data. In order to improve the accuracy 

of outcomes, data reliability and exchange are critical. When these two technologies 

(ML and BT) are combined, they can produce extremely exact results. We give a de-

tailed analysis on machine learning adoption for making BT-based smart applications 

more resilient to attacks in this paper. Support Vector Machines (SVM), clustering, 

bagging, and Deep Learning (DL)algorithms like Convolutional Neural Network 

(CNN) and Long short-term memory (LSTM) can all be used to analyze assaults on a 

blockchain-based network. They also discussed how knowledge could be utilized in 

various smart applications, including unmanned aerial vehicles (UAVs), smart grids, 

healthcare, and smart cities. 

Security and privacy for blockchain technology in cyber-physical systems utilizing 

artificial intelligence: technologies, approaches, and issues were suggested [25], Block-

chain (BC) and Cyber-Physical Systems (CPS) applications are growing at a rapid pace. 

However, because of the intricacy involved, defining durable and correct smart con-

tracts (SCs) for these smart applications is a difficult undertaking. Traditional indus-

trial, technological, and business processes are being modernized by SC. It is self-exe-

cuting, self-verifiable, and fixed into the BC, obviating the necessity for trustworthy 

third-party systems and, as a result, saving both administration and service expenses. It 

also increases system efficiency while lowering security risks. SCs, on the other hand, 

are enthusiastic about Industry 4.0's new technology innovations, but there are still a 

number of security and privacy concerns to be solved. A study of SC security flaws in 

software encryption that might be readily hacked by a hostile operator or franchise the 

whole BC network is described in this study. According to the literature, the difficulties 

of SC safety and discretion are not well examined by investigators. According to the 

prevailing recommendations, constructing a complicated SC will not be able to address 

the privacy and security concerns. As a result, this study looks into several Artificial 

Intelligence (AI) methodologies and methods for protecting SC privacy. Then, for AI-

based SC, open topics and problems are examined. Finally, a retail marketing case study 

was proposed, which employs AI and SC to maintain security and privacy. 

Networking systems for blockchain and machine learning were suggested [26]. In-

frastructural facilities, services, edge devices, and programs in communication and net-

working systems have become increasingly complex and varied as information and 

communication technologies advance at a breakneck pace. Furthermore, the vast 

amount of data and end devices could pose major privacy, security, service delivery, 

and network security issues. The combined evaluation of blockchain and machine 

learning with considerable profits has piqued the interest of both academics and indus-

try to achieve distributed, encrypted, smart, and modern information systems manage-

ment and operation. On the one hand, blockchain can greatly facilitate the sharing of 

training data and machine learning models and decentralized intelligence, security, 
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privacy, and trustworthy Computational decision-making. On the other side, machine 

learning will have a big impact on the advancement of blockchain in infrastructures and 

networking systems, especially in terms of energy and resource competence, scalabil-

ity, safety, confidentiality, and intelligent smart agreements. However, numerous criti-

cal outstanding issues and problems, such as resource management, data processing, 

scalable operation, and security concerns, must be resolved before the widespread use 

of blockchain and machine learning. They offered a survey of existing works on the 

block chain and machine learning technologies in this paper. We identify numerous key 

characteristics of combining blockchain and machine learning, including an overview, 

benefits, and applications. Then we go over some of the open topics, obstacles, and 

broad views that must be solved in order to explore blockchain and machine learning 

for communications and networking systems together. 

Integration of blockchain, IoT, and machine learning in industrial automation for 

multistage quality safety and access was carried out [27]. The demand for predictive 

equipment reliability and quality is driving the growth of smart manufacturing systems. 

To that goal, a variety of machine learning techniques are being investigated. Data se-

curity and management is another issue that is becoming increasingly significant in the 

industry. To address the issues raised above, we used a combination of blockchain and 

machine learning techniques to protect system transactions and handle a dataset to com-

bat the false dataset. Big data approaches were employed to organize and evaluate the 

obtained dataset. The private Hyperledger Fabric platform was used to create the block-

chain system. Consequently, the hybrid prediction methodology was used to assess the 

fault diagnosis prediction component. The system's worth control was assessed using 

non-linear machine learning techniques, which represented the complex environment 

and determined the genuine positive rate of the quality control methodology used by 

the system. 

Machine learning-based prediction of the bitcoin prices in a short period was pro-

posed [28]. They looked at the bitcoin market's predictability over time horizons rang-

ing from 1 to 60 minutes. They investigated a variety of machine learning models and 

discovered that, while all models outdo a random classifier, recurrent neural networks 

and gradient boosting classifiers are particularly well-suited for the prediction tasks 

under consideration. They employed a diverse feature set that included technical, block-

chain-based, sentiment/interest-based, and asset-based elements. Their findings suggest 

that for most techniques, technical factors are the most important, followed by selected 

blockchain-based and sentiment/interest-based elements. They also discovered that 

predictability improves with longer prediction horizons. Although a quantile-based 

long-short trading strategy generates monthly profits of up to 39% before transaction 

costs, after transaction costs are factored in, the approach provides negative returns due 

to the extremely short holding periods. 

Predictions of the Ethereum blockchain cryptocurrency value in a system of eco-

nomic financing were suggested [29]. In the last decade, cryptocurrency has grown in 

popularity. Cryptocurrency's untraceable and uncontrollable nature appeals to millions 

of people all over the world. The goal of cryptocurrency research is to locate the ether 

and anticipate its price based on the coin's previous price inflations. Using a time series 

of daily ether cryptocurrency closing prices, price prediction is accomplished using two 



9 

machine learning algorithms, namely linear regression (LR) and support vector ma-

chine (SVM). By applying filters with varying weight coefficients, multiple window 

lengths are used in ether cryptocurrency price prediction. A cross-validation method is 

used in the training phase to build a high-performance model that is independent of the 

data set. Two machine learning approaches are used to implement the suggested model. 

The SVM approach has greater accuracy (96.06%) than the LR approach when utilizing 

the proposed model (85.46%). Furthermore, by adding features to the SVM approach, 

the proposed model's accuracy score can be enhanced to 99%. 

3 Materials and Methods 

3.1 Blockchain, Cryptocurrency, and Bitcoin 

Blockchain has sparked an influx of intrigue in both academia and industry. As a de-

centralized, immutable, shareable, and time-ordered ledger, it is a new technology. 

Transactions are saved in blocks with timestamps and references (i.e., the hash of the 

previous block) that are kept in a chain. Transactions, which indicate money transfers, 

are generated by anonymous individuals and competitively gathered by a worker to 

construct a new block in Bitcoin. The worker who creates a fresh and valid block can 

earn a reward, so the chain is continually lengthened by workers [30].  

The blockchain systems, including Bitcoin and Ethereum, vary in various ways, in-

cluding transaction mechanism and latency. The advantage of using this approach is 

that you can rest assured that the information you store is safe. Blockchain technology 

is the primary means of achieving this goal, as it distributes digital information lacking 

granting copy permission and administers the time-stamp dataset in the network that 

connects the services and the system. The permissioned blockchain will be used to 

achieve this strategy [27]. In present networks, blockchain opens up new possibilities 

for coordinating several untrustworthy parties and enabling decentralized governance. 

The following are the main characteristics of blockchain: decentralization, transpar-

ency, immutability, security, suitability, anonymity, and autonomy [26]. Since growing 

Blockchain size corresponds with more investors conducting Bitcoin transactions, and 

Bitcoin market price is highly driven by consumer demand and interest, we selected 

blockchain size as a useful representative feature for our model. 

Cryptocurrency is digital money that uses encryption to ensure that network transfers 

and exchanges are secure. As one of the most well-known cryptocurrencies, Bitcoin 

creates a distributed ledger that is preserved through a network. Decentralization is one 

of the most fundamental characteristics of Bitcoin, which distinguishes it from central-

ized, traditional currencies in that Bitcoin transactions and management are not gov-

erned by any central body. As a result, people solely trade between customers and ven-

dors, rather than relying on a third-party trusted platform or other financial institutions. 

Bitcoin is also secure thanks to cryptographic encryption technology. Even if some in-

formation is unnecessary, all transaction information is logged and cannot be changed 

[17].   

Bitcoin (₿) is a sort of electronic money that is based on digital currency. It is a 

distributed advanced exchange without a central bank or a solitary chairman that can 
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be directed from one client to another across the Bitcoin network without the necessity 

for a middleman. System hubs use cryptography to verify exchanges, which are then 

stored in an openly disseminated record known as a blockchain. Bitcoin was created by 

an unidentified individual or cluster of persons under the name Satoshi Nakamoto and 

unconfined as open-source programming in 2009. Bitcoins are created as a reward for 

performing a task known as mining. They can be applied to a variety of financial struc-

tures, items, and organizations. According to research by the University of Cambridge, 

there were 2.9 to 5.8 million notable clients using a digital currency wallet in 2017, 

with the most of them using Bitcoin [31]. 

 

3.2 Dataset 

In this investigation, one of the most popular blockchain currencies in existence, bitcoin 

(BTC), was used with a sampling period from June 2015 to June 2021 (1447 data 

points) and was obtained from the Yahoo finance current data for bitcoin from the Coin 

Market Cap website [32]. The dataset includes the day-to-day price in US dollars, mar-

ket capitalization, and the trading volume for 2,194 cryptocurrencies, where market 

capitalization is the merchandise of price and circulating stock, with the volume number 

of coins traded every day. Figure 1 shows the Bitcoin current Price data. 

 

 

 
Fig. 1. Bitcoin Current Price Data 

3.3 Machine Learning, Independent Component Analysis (ICA), Firefly 

Algorithm and Support Vector Machine Classifier 

3.3.1 Machine Learning 

In the last 15 years, machine learning has become one of the most rapidly increasing 

technologies. It has a wide variety of applications in industries, for example, computer 

vision, bioinformatics, business analytics, healthcare, finance, fraud detection, and 

trend prediction, to name a few. Machine learning is a technique that permits a com-

puter to learn from large data samples and predict patterns in the data. In various study 

fields, machine learning algorithms are used to anticipate and classify test data in order 

to produce reliable results. Machine Learning classifier models are becoming increas-

ingly popular, and they have proven to be extremely useful in a variety of financial 

datasets [33][8]. 
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To aid with executive and business decisions, machine learning algorithms are em-

ployed to extract important dataset patterns. Because it can infer data associations that 

are frequently not readily visible by humans, machine learning is an effective technique 

for designing Bit-coin and other cryptocurrency trading techniques [34]. Machine 

Learning, at its most basic level, is based on the definition of two fundamental compo-

nents: input features and objective function. Dimensionality reduction techniques like 

Independent Component Analysis and Firefly can drastically reduce the time complex-

ity of the training phase of machine learning algorithms, lowering the strain on the al-

gorithms [35]. The primary goal of this research is to see how dimensionality reduction 

techniques affect the performance of the commonly used Support Vector Machine clas-

sifier with the Bitcoin Blockchain price prediction from Yahoo Finance. 

3.3.2 Independent Component Analysis (ICA) Algorithm 

ICA is considered an extension of the principal component analysis (PCA) approach. 

On the other hand, ICA optimizes higher-order statistics like kurtosis, while PCA opti-

mizes the data's covariance matrix, which represents second-order statistics. As a result, 

PCA identifies uncorrelated components, whereas ICA identifies independent compo-

nents. As a result, when the higher-order correlations of mixture data are minimal or 

insignificant, PCA can recover separate sources. Fast-ICA, projection pursuit, and In-

fomax are only a few of the ICA algorithms. These algorithms' main purpose is to ex-

tract independent components by; maximizing non-Gaussian, reducing mutual infor-

mation, or employing the maximum likelihood (ML) estimation approach. However, 

ICA has a number of flaws, including over-complete and under-complete ICA [36]. 

Independent component analysis is a technique for recovering the original independ-

ent variables from observations that have been transformed linearly. The majority of 

ICA methods are formulated as an optimization of a contrast function that minimizes 

component cross-dependency [37]. The observable stochastic signal x is assumed to 

obey the model x = As, where s is the unidentified source signal, its components are 

independent of one another, and A is an unknown mixing matrix. The ICA's objective 

is to estimate the mixing matrix A and the source signal s solely by looking at x. 

3.3.3 Firefly Algorithm 

The Firefly algorithm uses flashing lights to simulate the mating system and data. The 

behavior of fireflies, binary fireflies, the artificial Firefly algorithm, and the Firefly al-

gorithm are explored. There are about 2,000 kinds of fireflies on the planet, and the 

great majority of them produce brief, pattern flames. The interest of accomplices in 

mating, such as correspondence, potential, and a component of mechanism, is the major 

cause of this debt. 

 Most fireflies can only be seen at a given distance, away from the bat, due to two 

factors: the brightness of a source at a specific distance conforms to the law of the 

opposing square, implying that the power of light with expansion decays somewhere 𝐼 
∝/1/𝑟2. The assimilation of light, which is recognized surrounding it, is the next factor, 

which reduces the force as the separation rises. 
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The Firefly algorithm is a "nature-inspired" algorithm that is based on flies' behavior. 

Nature-inspired algorithms are widely employed in the machine learning process at 

various stages. The natural lights that fireflies emanate from their bodies aid them in 

attracting or finding other flying mates. It also aids them in catching prey and defending 

themselves against predators. Three main assumptions underpin the algorithm [38] 

[39]: 

i. The Firefly Algorithm is a versatile capacity that promotes population 

growth's advantages. 

ii. The Firefly Algorithm can effectively deal with multi-model problems in 

a few steps by dividing the population and gradually limiting the vision 

of each leaflet to provide them subdivisions in the study region. 

iii. Setting random and enchantment limits for the FA throughout the stress 

cycle can boost the calculation's collection rate. 

This algorithm 1's core architecture is as follows: 

Algorithm 1: Firefly Pseudocode  

Input: X = Sample populations of Fireflies 

   X Iterations = Samples of Optimizing the Iterations 

   0 = attraction criterion 

   ∝ = criterion selection 
Output: Best Fireflies Algorithm fit 
   create a colony of x fireflies using the arbitrary firefly algorithm 
   identify the optimal fitness-related option 
   While stop parameters not met do 
    For individual Firefly a do 
    For individual Firefly b do 
     If Firefly b is better than Firefly a then  
      Move Firefly a to Firefly b  
       Update Intensity of Firefly 
      End 
       Evaluate each Firefly best stand 
      End 
    End 
   Loop 

 

 

3.3.4 Support Vector Machine (SVM) 

The SVM was created to solve complicated pattern recognition problems. For two-di-

mensional classification, SVMs were provided, and for high-dimensional difficulties, 

they were improved [40][41]. SVM (Support Vector Machine) is a discriminative clas-

sifier that creates a separating hyper-plane. In the case of inseparable class data, an error 

tolerance budget is introduced to make the separating hyperplane robust. Kernel 
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implementation transforms linear decision boundaries into more complicated boundary 

shapes (e.g., polynomial, Gaussian and radial kernel). SVMs have gotten a lot of atten-

tion because of their remarkable classification performance. 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2. Model Workflow of the Study 

 

3.4 Evaluation Metrics for the Model and the System Configuration 

The performance of the suggested model using ICA-Firefly with SVM classification 

for blockchain bitcoin price prediction was assessed using some assessment indicators. 

The most basic evaluation metric is accuracy, which is a percentage of correctly iden-

tified messages, among additional metrics like sensitivity, specificity, recall, precision, 

and f-score [7][42].  

 The Yahoo Finance repository provided access to the Blockchain BTC dataset. As a 

result, the suggested research is carried out on the MATLAB environment. The 

MATLAB platform's significantly increased computational power and data handling 

capabilities aided in processing dataset inputs for the application of machine learning 

algorithms. 

4 Results and Discussions 

An ICA-Firefly algorithm was used to generate a prediction for Blockchain bitcoin 

price prediction in this study. The data sets were divided into two portions in the pro-

posed models: training and testing. The proposed models with six attributes were built 

using a total of 2193 sample data; Figure 3 shows the dataset features. By comparing 

the corresponding values of the evaluation performance, the models' performances were 

determined. An adaptive search technique employing the ICA-Firefly algorithm is ap-

plied to overcome missing data in a dataset and select the most appropriate imputation 

value. The general result demonstrated that the model algorithm is an efficient method-

ology based on the simulation results from the datasets employed. 

Figures 4 and 5 shows confusion matrix of how the Linear SVM and Sigmoid SVM 

classifiers performed on the Blockchain Bitcoin Price dataset when combined with the 

Dataset ICA Firefly Reduced 

Subset 

Dataset 

Results Classification 
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ICA-Firefly algorithms. Performance evaluations in terms of accuracy, sensitivity, and 

specificity, among other metrics, are the most commonly used metrics to analyze the 

performance of machine learning algorithms. The evaluation metrics of the proposed 

ICA-Firefly and SVM kernel classification models are compared in Table 1. 

 
Fig. 3. The Dataset Features  
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Fig. 4. ICA-Firefly with L-SVM Classification TP=37 TN=20 FP=2 FN=1 

 

 
Fig. 5. ICA-Firefly with L-SVM Classification TP=37 TN=21 FP=2 FN=0 

 

Table 1. Performance Evaluation. 

Performance Metrics (%) ICA-Firefly-L-SVM (%) ICA-Firefly-Sigmiod-SVM (%) 

Accuracy 95.00 96.67 

Sensitivity 97.37 100 

Specificity 90.91 91.30 

Precision 94.87 94.87 
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F1-Score 96.1 97.37 

Matthews Correlation 

Coefficient 
89.19 93.07 

 

Table 1 summarizes the findings of this study's experimentation. SVM kernels were 

used further to investigate the performance of ICA-Firefly on the datasets. The Sigmoid 

SVM outperformed the LSVM by around 97% Accuracy. Several studies have been 

conducted in literature; Table 2 compares the results of this study with existing models. 

The effects of using ICA-Firefly for dimensionality reduction were measured in this 

study. The components of ICA-Firefly were utilized to forecast BTC price increases 

and decreases by capturing variances in the data. The categorization models, on the 

other hand, outperformed various other models shown in Table 2. For example, the 

accuracy of Sigmoid SVM was 97%, and L-SVM was 95%. The classification metrics 

revealed that Sigmoid-SVM is quite similar to the models in Table. 

Table 2. Comparison with Existing Models. 

Authors Work Done Accuracy Results (%) 

Mohammed et.al., [43] 
ANN, SANN, SVM and 

LSTM 
65 

Yan and Dai., [44] CNN-LSTM 64 

Sebastiao and Godinho, 

[16] 

linear models, RF, and 

SVMs 
80.17 

Zhengyang et.al., [17] 

Artificial Neural Net-

work (ANN) and the 

Long-Short-Term-

Memory (LSTM) 

90 

 

The increase and decrease of the price, as well as the factual price, are two compo-

nents of the BTC pricing model. Internal and external criteria were used to classify the 

increase/decrease in BTC price in this study. BTC prices are stochastic, and no single 

set of characteristics can be used to predict the future. Nonetheless, researchers have 

had varying degrees of success estimating BTC values based on various feature sets. 

We have included characteristics that are directly related to the blockchain in this arti-

cle. If numerous individuals are using it for transactions, then the relevant features such 

as dynamic addresses and number of transactions would be high. 

5 Conclusion 

BTC price estimates utilizing Machine models were carried out in this study using BTC 

price estimates from 2015 to 2021. The best overall performance was achieved with 

ICA-Firefly with SVM kernels and ICA-Firefly algorithm with Sigmoid SVM. All of 

the models developed are satisfactory and perform well, with classification models re-

cording up to 97% accuracy for next-day forecasting. The findings show that the 
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provided models are unproductive and undependable cryptocurrency price forecasters, 

owing to the complexity of the problem, which even advanced deep learning techniques 

like LSTM and CNNs are unable to address efficiently. According to our findings and 

investigations into the cryptocurrency pricing problem, cryptocurrency prices follow a 

nearly random walk process, with a few underlying patterns that an intelligence frame-

work must uncover in order for a prediction model to create accurate and dependable 

projections. As a result, novel algorithmic methodologies, alternative methodologies, 

and new validation measures should be investigated. 

 The findings reveal that while it is easy to estimate the real BTC price with very low 

error rates, forecasting its rise and decrease is far more difficult. The performance 

scores for the classification models offered are the top in the works. Having said that, 

more research on Bitcoin classification models is required. Hourly BTC prices and 

technical indicators, as well as Decision tree models that mix several types of models 

for forecasting, could be used in future work. Artificial intelligence can be used to 

model the price of cryptocurrencies as a basis for calculating the risk issue associated 

with the financial use of blockchain technology. 
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