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Abstract : We predict cryptocurrency prices using machine learning models by analyzing historical and financial data. Algorithms
like Linear Regression, Random Forest, and LSTM are evaluated using MAE, RMSE, and R2 scores. The results show improved
prediction accuracy, providing valuable insights for investors and financial analysts. This approach helps in risk assessment, market
analysis, and financial decision-making, making it a reliable tool for forecasting cryptocurrency price movements in dynamic
economic conditions.
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. INTRODUCTION

cryptocurrency investment has gained significant attention in recent years due to its potential for high returns and decentralized
nature. Unlike traditional financial assets, cryptocurrencies are known for their extreme volatility, with prices often fluctuating
sharply within short periods. This volatility makes them both attractive and risky, highlighting the need for accurate, data-driven
prediction methods.Despite the availability of trading platforms and market data, predicting cryptocurrency prices remains
complex, influenced by factors such as investor sentiment, technological developments, regulatory news, macroeconomic
indicators, and even social media activity [4]. Moreover, price manipulation and the lack of intrinsic asset valuation further
complicate efforts to model cryptocurrency markets accurately.

This project aims to address these challenges by developing a system for predicting the prices of major cryptocurrencies (e.g.,
Bitcoin, Ethereum) using machine learning techniques trained on real-time and historical data. The primary objective is to improve
investment decisions by providing reliable forecasts that account for market behavior patterns and external influences. Accurate house
price predictions offer substantial benefits:

Accurate cryptocurrency price prediction can benefit multiple stakeholders:

Retail Investors: Helps identify entry/exit points, reducing risk and maximizing returns [5].

Institutional Investors: Supports high-frequency trading strategies and portfolio risk management [5].

Exchanges and Wallet Providers: Assists in liquidity management and dynamic pricing [6].

Regulators and Policymakers: Enables better market surveillance and the formulation of informed crypto
regulations [6].

The scope of this study is limited to daily price prediction of selected cryptocurrencies based on publicly available data sources
like CoinMarketCap, Binance APIs, and social media sentiment feeds such as Twitter and Reddit. The model development focuses
on a combination of time series forecasting methods, including ARIMA and LSTM neural networks, as well as ensemble models
that integrate technical indicators and sentiment analysis. This paper outlines the initial methodology for data collection,
preprocessing, exploratory analysis, and model selection, along with the potential implications of accurate predictions.

1. EASE OF USE

The proposed cryptocurrency price predictor is designed with end-user accessibility, flexibility, and practical usability in mind.
Once trained, the machine learning (ML) models can be integrated into a user-friendly interface that allows users to input key
parameters—such as the name of the cryptocurrency, time range, historical price data, trading volume, social sentiment scores, and
technical indicators—to receive a near-instant price prediction. This approach eliminates the requirement for domain-specific
knowledge or advanced technical skills, making it accessible to a wide user base including individual traders, portfolio managers,
and fintech application developers.
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Integration with existing financial tools and trading platforms is a core design consideration. By deploying the prediction system as
an Application Programming Interface (API), the model can be incorporated into web dashboards, mobile apps, or
cryptocurrency exchange platforms to provide real-time analysis and insights. This enhances the decision-making process for
investors by allowing minimal input and delivering interpretable, data-driven predictions. The system's modular design enables
periodic retraining with new market data, ensuring that the predictions remain relevant and robust in an ever-changing, high-
volatility environment.

To align with practical deployment needs, emphasis is also placed on performance optimization and inference speed. Lightweight
models such as Linear Regression can be used for rapid predictions on edge devices or within browser-based tools, while more
advanced models like XGBoost and Long Short-Term Memory (LSTM) networks offer greater predictive accuracy and are
suitable for institutional-grade analytics. The goal is to deliver scalable, accurate, and real-time results with minimal latency and
user intervention.

Prepare Your Paper Before Styling

Before finalizing the format and layout of the research paper, significant attention was given to ensuring the completeness,
accuracy, and coherence of its content. The data acquisition phase involved collecting and aggregating historical price data and
technical indicators from sources such as CoinMarketCap, Binance, CryptoCompare, and Twitter sentiment APIs. Key features
included open, high, low, close (OHLC) prices, trading volume, social sentiment scores, and volatility measures.

During preprocessing, emphasis was placed on handling missing data, normalizing feature scales, and engineering relevant time-
series features (such as moving averages, RSI, and MACD). Outlier detection and removal were performed to reduce noise, and
categorical features such as coin names or sentiment categories were encoded appropriately. These steps were critical to maintaining
data integrity and enhancing model generalizability.

The model development phase involved benchmarking a variety of ML and deep learning models. While Linear Regression
served as a basic baseline, more sophisticated models like XGBoost, Random Forests, and LSTM neural networks were explored
for their ability to capture non-linear dependencies and temporal patterns. Model evaluation was conducted using Mean Absolute
Error (MAE), Root Mean Squared Error (RMSE), and R2 score, with cross-validation applied to assess generalization
performance.

Only after the modeling and validation phases were complete was the paper organized according to IEEE format. Sections include:
Introduction, Methodology, Experimental Results, Discussion, and Conclusion, supported by relevant graphs, tables, and
references. The manuscript underwent thorough proofreading to ensure technical correctness, language clarity, and formatting
compliance.

2. Abbreviations and Acronyms
Define abbreviations and acronyms the first time they appear in the text, even if they are introduced in the abstract. Common
abbreviations such as Sl units (e.g., BTC, ETH, USD) do not require definition.
In this paper, the following abbreviations and acronyms are used:
e ML — Machine Learning
e APl — Application Programming Interface
e MAE — Mean Absolute Error
e RMSE - Root Mean Squared Error
Rz — Coefficient of Determination
e XGBoost — Extreme Gradient Boosting
e LSTM - Long Short-Term Memory
e OHLC - Open, High, Low, Close
e RSI - Relative Strength Index
e MACD - Moving Average Convergence Divergence
e CSV - Comma-Separated Values
e  GUI - Graphical User Interface
e HTML — HyperText Markup Language

RESEARCH METHODOLOGY

This section outlines the methodology adopted to develop a machine learning model for forecasting cryptocurrency prices.
It includes the universe and sample of the study, data sources, theoretical framework, and statistical tools used to analyze and model
the dataset.

3.1Population and Sample
The population of this study comprises major cryptocurrencies actively traded in global markets, including Bitcoin (BTC), Ethereum
(ETH), and selected altcoins with high liquidity and consistent historical data. The universe spans all cryptocurrency price data
available from public APIs and market exchanges as of the time of data collection.
From this population, a representative sample of daily price data was collected for a time span ranging from January 2020 to March
2024. The sample includes a diverse mix of market capitalization tiers and asset classes to ensure model robustness across different
crypto profiles. Data was filtered to exclude low-volume tokens, delisted coins, and entries with incomplete historical data.
The sampling strategy focused on high-frequency time-series data with fields including open, high, low, close (OHLC) prices,
trading volume, and market capitalization. The dataset is time-series in nature, with particular focus on capturing trend reversals,
volatility spikes, and seasonality patterns in the crypto market.
3.2 Data and Sources of Data

The study uses secondary data collected via public APIs and web scraping from major cryptocurrency exchanges and
aggregators such as CoinMarketCap, Binance, and CryptoCompatre.
Key features extracted include:
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Date/Time (timestamp)

Open, High, Low, Close Prices (OHLC)

Daily Trading Volume

Market Capitalization

Social Sentiment Score (from Twitter and Reddit)

Google Search Trends

Blockchain Activity (e.g., number of transactions, active addresses)

Data preprocessing included outlier handling, missing value imputation, and normalization of features. Technical indicators such
as Moving Averages, Relative Strength Index (RSI), and MACD were also engineered and included to enrich the feature space.
3.3 Theoretical framework

The objective of this study is to build supervised machine learning regression models to forecast short-term cryptocurrency

prices.
e Dependent Variable: Future closing price (e.g., next-day price)
e Independent Variables:
o OHLC prices (numerical)
Technical indicators (numerical)
Trading volume (numerical)
Market sentiment (numerical/categorical)
Blockchain data (numerical)
o Time-related features (e.g., day of week)
Due to the complex and often non-linear dynamics of cryptocurrency markets, advanced models are considered essential for
capturing intricate temporal relationships.

o O O O

3.4Statistical tools and econometric models
This section elaborates on the statistical and machine learning models used to derive insights from the data..
3.4.1 Descriptive Statistics
Initial descriptive analysis was conducted to understand data behavior over time. Summary statistics (mean, median,
standard deviation, min, max) were computed for each numerical feature. Trends and anomalies were visualized using time-series
plots. Sentiment indicators were also analyzed to explore correlations with price movements.
3.4.2 Regression Models Used
Multiple models were tested to evaluate their ability to predict cryptocurrency prices.
a)Linear Regression(Baseline Model)
A basic regression model to establish a benchmark for performance, assuming linear relationships between features and price.
b)XGBoost Regression
A high-performance boosting algorithm suitable for handling feature interactions, non-linearity, and missing data. It is
particularly effective for structured time-series data with engineered features.
c)Random Forest Regression (Optional)
A deep learning model designed for sequential data. LSTM captures temporal dependencies and lag effects, making it ideal for
modeling volatile price movements over time.
All models were evaluated using time-series cross-validation techniques, where recent observations were used for testing future
values.
Evaluation Metrics:
e Mean Absolute Error (MAE)
e Root Mean Squared Error (RMSE)
e R2Score

3.4.3 Comparison of the Models

Models were compared on a rolling forecast validation set to assess their generalization ability. Performance was ranked
based on MAE, RMSE, and Rz. Additionally, feature importance (for XGBoost) and attention scores (in LSTM) were analyzed
to understand the relative impact of technical indicators, volume, and sentiment on price movements.

IV. RESULTS AND DISCUSSION

4.1 Results of Descriptive Statics of Study Variables
Table 4.1: Descriptive Statics

Std.
Variable Minimum Maximum Mean Deviation
Open Price (USD) 12,000 68,000 32,500 14,300
Close Price (USD) 12,050 68,500 32,700 14,350
Trading Volume

(L?SD) 1M 80B 128 15.88

RSI (0-100) 1 5 2.4 0.8

Social Sentiment -1 1 0.18 0.46

Table 4.1 The descriptive statistics in Table 4.1 highlight the high volatility and broad range in both price and volume, which are
characteristic of cryptocurrency markets. The standard deviation in prices and trading volume confirms the necessity of
sophisticated models that can adapt to rapid and large-scale market fluctuations.
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