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I. INTRODUCTION 
 

Cryptocurrencies have emerged as a revolutionary 

form of digital assets, enabling decentralized and 

secure transactions over peer-to-peer networks. 

Unlike traditional currencies governed by central 

authorities, cryptocurrencies operate 

independently, with Bitcoin being the most 

prominent example. Due to high volatility, global 

demand, and decentralized regulation, predicting 

cryptocurrency prices poses a complex challenge 

that requires intelligent computational approaches. 

The dynamic nature of cryptocurrency markets, 

influenced by various economic, political, and 

speculative factors, makes manual prediction 

unreliable. Therefore, automated prediction using 

machine learning (ML) and deep learning (DL) 

models has gained significant attention. These 

models learn from historical market data to identify 

patterns and trends, thus enabling more accurate 

and real-time forecasting. 
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II. LITERATURE REVIEW 

 
With the exponential rise in cryptocurrency 

adoption and its integration into global financial 

systems, accurately predicting price movements has 

become a crucial task for researchers, traders, and 

institutional investors alike. Cryptocurrency prices 

are highly volatile and influenced by various 

technical, social, and economic factors, making 

traditional statistical models insufficient. To tackle 

this, machine learning and deep learning 

techniques have been explored extensively, offering 

promising results. Patel et al. demonstrated notable 

accuracy using Random Forest and Support Vector 
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Machines for stock market prediction, suggesting 

potential for similar approaches in crypto markets 

[1]. McNally et al. applied LSTM and RNN models to 

predict Bitcoin prices, finding that LSTM 

outperformed traditional time-series models like 

ARIMA [2]. Jang and Lee proposed a hybrid model 

combining blockchain market features with deep 

learning, showing enhanced predictive power 

compared to linear models [3]. Lahmiri and Bekiros 

utilized chaotic deep learning structures and 

demonstrated significant improvements in 

forecasting accuracy for crypto volatility [4]. 

Mudassir et al. compared several ML algorithms 

including XGBoost and LSTM, concluding that 

ensemble models performed best for short-term 

predictions [5]. Greaves and Au investigated 

sentiment analysis in combination with historical 

prices, highlighting the role of public opinion in 

crypto valuation models [6]. Kristjanpoller and 

Minutolo employed wavelet transform with deep 

learning, achieving high precision in detecting 

cyclical patterns in crypto prices [7]. Chen et al. 

applied reinforcement learning for crypto trading 

strategies, showing that autonomous agents could 

optimize long-term gains [8]. Urolagin et al. 

designed an SVR-based predictive system that 

effectively forecasted Ethereum prices using lagged 

technical indicators [9]. Lastly, Brière et al. analyzed 

the financial behavior of cryptocurrencies as a 

diversified asset class, reinforcing the need for 

robust, data-driven prediction frameworks [10]. 

  

III. MODULE-WISE DESCRIPTION 

 

The Cryptocurrency Price Prediction System is 

organized into five core modules, each contributing 

to the seamless integration of machine learning- 

based forecasting and transaction management. 

The architecture is designed for modularity and 

scalability, enabling the system to adapt to various 

cryptocurrency datasets, prediction algorithms, and 

user interaction needs. The system's modular 

design also allows for future enhancements, such as 

blockchain integration and multilingual support. 

The core modules of the system are described 

below: 

 

Unit Testing 

Unit testing is the fundamental phase in the 

software testing life cycle, focused on verifying the 

smallest testable parts of an application, typically 

individual functions or modules. In the context of 

the cryptocurrency price prediction system, unit 

testing plays a critical role in ensuring that each 

machine learning model, data preprocessing 

function, and transaction feature performs as 

intended. For example, testing individual modules 

such as LSTM implementation, data normalization 

functions, or transaction ledger entries 

independently ensures that their outputs are 

reliable and consistent. 

 

The main goal of unit testing is to isolate each part 

of the system and validate that it behaves correctly 

under a variety of input conditions. In our system, 

functions for fetching data, training models, 

displaying predictions, and computing balances are 

all subjected to unit tests using test cases that 

include edge values and error conditions. This 

allows for early detection of bugs before the 

modules are integrated into the complete system. 

 

By thoroughly conducting unit testing, the 

foundation is laid for a robust and dependable 

application, which is essential when handling 

sensitive data like cryptocurrency values and 

transaction records. 

  

Potential issues that are often uncovered during 

integration testing include mismatched data 

formats, incorrect API calls, faulty database updates, 

and failure in UI-to-backend communication. 

Integration testing scenarios simulate real-world 

usage by running processes end-to-end and 

checking if the system behaves as expected across 

module boundaries. 

 

In this system, integration testing includes checking 

whether predicted crypto values update correctly in 

the interface and whether transaction changes 
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reflect immediately in wallet balances. It also 

verifies session management between login, data 

handling, and secure user navigation. Tools like 

Flask’s built-in testing client can be used for 

simulating integrated requests. 

 

Thus, integration testing ensures that the full 

system is not just a sum of functional parts, but a 

coherent, interactive solution that meets user needs 

effectively. 

 

 
Fig- Unit Testing 

 

Integration Testing 

Integration testing is a critical phase in software 

quality assurance where individual modules— 

previously tested in isolation—are combined and 

tested as a group to verify their interaction and 

data flow. In the cryptocurrency price prediction 

system, this includes integrating the machine 

learning model components with data input/output 

layers, transaction management modules, and the 

user interface. 

 

The primary objective of integration testing in this 

system is to ensure that the combination of 

modules such as prediction logic (e.g., LSTM, SVR), 

data visualization, wallet tracking, and 

authentication workflows function harmoniously. 

For example, the successful execution of a user-

initiated price prediction request requires proper 

coordination between the dataset input, model 

execution, result generation, and frontend display. 

  

 
Fig- Integration Testing 

 

Validation Testing 

Validation testing is the final stage of the testing 

cycle where the entire system is evaluated against 

the original functional and business requirements 

to confirm that it delivers the intended results. In 

the cryptocurrency price prediction system, 

validation testing ensures that the predictive 

functionalities, transaction operations, and user 

interface collectively meet user expectations and 

specifications. 

  

Unlike unit or integration testing, which focus on 

internal logic and module interactions, validation 

testing takes a broader, user-centric perspective. It 

answers the critical question: ―Did we build the right 

system?‖ For this project, validation testing involves 

verifying that users can successfully select a 

prediction model (e.g., LSTM, Random Forest), load 

datasets, perform forecasts, and view results with 

high accuracy. Additionally, it checks that users can 

register, log in, manage their wallet, and track 

transactions without errors. 

 

This phase tests the system in a near-live 

environment using real or closely simulated 

datasets. Functional requirements such as 

displaying predicted values, updating transaction 

records, or securing user sessions are validated 

through detailed test cases. 



 G. Maria Mesmin.  International Journal of Science, Engineering and Technology, 

 2025, 13:2 

 

4 

 

 

 

Non-functional requirements like performance, 

response time, and usability are also assessed. 

 

Through validation testing, confidence is 

established that the system not only works 

technically but also solves the user’s problem 

effectively, making it ready for deployment in 

practical use cases. 

 

 
Fig- Validation Testing 

  

IV. SYSTEM IMPLEMENTATION 
 

Implementation Plan 

System implementation is the important stage of 

project when the theoretical design is tunes into 

practical system. The main stages in the 

implementation are as follows: 

 

Planning, Training, System testing and 

Changeover planning 

Planning is the first task in the system 

implementation. Planning is deciding on the 

method and the time scale to be adapted. At the 

time of implementation of any system people from 

different departments and system analysis involve. 

They are confirmed to practical problem of 

controlling various activities of people outside their 

own data processing departments. The line 

manager controlled through an implementation co-

ordinate committee. The committee consists of 

ideas, Problems and complaints of user department. 

It must also consider, 

 The implementation of system environment. 

 Self selection and allocation for implementation 

tasks. 

 Consultation with unions and resources 

available. 

 Standby facilities and channels of 

communication. 

 

User Training and Documentation 

Developing custom training materials is time-

consuming and requires thorough planning. 

However, it can be very cost-effective for 

organizations that have more than 100 users who 

need to be trained on a BI application, and it can be 

the most beneficial learning experience for 

students. We have several clients that have chosen 

this training approach and believe that it can be 

more effective and streamlined compared to other 

training approaches for their users. Each training 

course is developed using detailed learning 

objectives. 

 

Software companies that develop business 

intelligence (BI) applications advertise that their 

products are easy to use. The graphical user 

interface enables users to request, manipulate and 

format data in a manner that is consistent with 

other software with which they are already familiar. 

Since most BI applications have a look and feel 

similar to other commonly acceptable software 

such as a spreadsheet or word processing 

applications and are easy to use, why provide user 

training. 

 

V. CONCLUSION 

 

All in all, predicting a price-related variable is 

difficult given the multitude of forces impacting the 

market. Add to that, the fact that prices are by a 

large extent dependent on future prospects rather 

than historic data. However, using deep neural 

networks has provided us with a better 

understanding of Crypto currency. The system, 
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includes implementing hyperparameter tuning, in 

order to get a more accurate network architecture. 

Also, other features can be considered (although 

from our experiments with Crypto currency, more 

features have not always led to better results). 

Microeconomic factors might be included in the 

model for a better predictive result. Anyway, 

predicting a price-related variable is difficult given 

the multitude of forces impacting the market. Add 

to that, the fact that prices are to a large extent 

depended on future prospects rather than historic 

data. However, using deep neural networks has 

provided us with a better understanding of Crypto 

currency. 

 

 The system, includes implementing 

hyperparameter tuning, in order to get a more 

accurate network architecture. 

 Also, other features can be considered 

(although from our experiments with Crypto 

currency, more features have not always led to 

better results). 

 Microeconomic factors is included in the model 

for a better predictive result. Anyway, maybe 

the data 

  

we gathered for Crypto currency, even though it 

has been collected through the years, might have 

become interesting, producing historic 

interpretations only in the last couple of years. 

 Furthermore, a breakthrough evolution in peer-

to- peer transactions is ongoing and 

transforming the landscape of payment 

services. 

 While it seems all doubts have not been settled, 

time might be perfect to act. 
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