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Abstract: The sudden development of cryptocurrency markets has posed new risk management challenges in terms of their 
volatility, speculative behavior, and exposure to externalities like market mood and world economic trends. The classical 
financial risk evaluation models are unsuitable in capturing the non-linear and dynamic nature of digital assets. This research 
puts forward a machine learning framework for robust risk analysis in cryptocurrency markets.  
Historical prices, volumes of trading, and sentiment measures are gathered and preprocessed to obtain salient features capturing 
market patterns. [1]  
A variety of machine learning algorithms, including Random Forest, Support Vector Machines, and Long Short-Term Memory 
(LSTM) networks, are applied to classify and predict risk levels. Model performances are measured using accuracy, precision-
recall, and error measures, with a comparison with traditional statistical approaches like GARCH. The findings emphasize the 
dominance of machine learning methods in modeling intricate market trends and enhancing the precision of risk prediction. The 
study adds to the construction of smart decision-support systems for investors, traders, and financial institutions dealing with 
digital asset markets. 
Index Terms: Cryptocurrency, Risk Analysis, Machine Learning, Volatility Prediction, Predictive Analytics, Financial 
Technology. 

I. INTRODUCTION 
Cryptocurrencies are a groundbreaking technology in international financial markets. They offer decentralized, borderless, and 
transparent alternatives to traditional currencies. Since Bitcoin was created in 2009, the cryptocurrency ecosystem has expanded 
rapidly, with thousands of cryptocurrency assets now available on global trading platforms. While their popularity continues to rise, 
cryptocurrencies are highly volatile and speculative. [2] 
This creates significant risks for both investors and financial institutions. Price changes are often influenced by various factors, 
including market demand, regulatory updates, technological advancements, and discussions on social media and news sites. 
Traditional methods for risk assessment and prediction, such as Value-at-Risk (VaR) and Generalized Autoregressive Conditional 
Heteroskedasticity (GARCH), have been widely used in conventional financial markets.  
However, these techniques face limitations when applied to cryptocurrencies due to their dynamic, non-linear, and complex market 
behaviors. Therefore, there is a growing demand for advanced methods that can effectively uncover hidden patterns and predict 
potential risks in trading virtual assets. Machine learning (ML) has proven effective in tackling challenges in many fields, especially 
in financial prediction and risk evaluation. Its ability to identify non-linear relationships, manage large volumes of data, and adapt to 
changing environments makes it a strong candidate for assessing risks in cryptocurrencies. By using historical price data, [3] 
technical indicators, and sentiment features, machine learning models can provide more accurate and reliable risk predictions than 
traditional methods. 
This study aims to develop and test machine learning models for analyzing cryptocurrency risks, specifically in predicting volatility 
and classifying risk levels.  
It will compare the performance of different machine learning algorithms, such as Random Forest, Support Vector Machines, and 
Long Short-Term Memory (LSTM) networks, with standard statistical methods. The results will help create effective decision-
support systems for investors, traders, and policymakers, [4] ultimately enhancing financial stability and promoting informed 
decision-making in cryptocurrency markets. 



International Journal for Research in Applied Science & Engineering Technology (IJRASET) 
                                                                                           ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538 

                                                                                                                Volume 14 Issue V May 2026- Available at www.ijraset.com 
     

4126 
4126 ©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 | 

 

 
Fig. 1: Overview of the cryptocurrency transaction ecosystem showing senders, receivers, miners, exchanges and money transfer 
services connected through the blockchain, which generates the on-chain and market features used for risk and volatility analysis. 
 

II. RELATED WORK AND LITERATURE REVIEW 
Because of their extreme volatility and speculative nature, cryptocurrency markets have attracted a lot of research interest. Value-at-
Risk (VaR) and GARCH models are two traditional financial risk assessment methods that are frequently used for volatility 
estimation. Nevertheless, the nonlinear and quickly evolving dynamics of digital asset markets are not well captured by these 
models.To address these issues, machine learning (ML) techniques have been used more and more in recent studies. When it comes 
to identifying risk factors and predicting price movements, tree-based models like Random Forests and Gradient Boosting have 
proven to perform better than linear models. With greater accuracy than conventional statistical methods, Support Vector Machines 
(SVMs) have also been used to categorize cryptocurrency returns into high-risk and low-risk groups.Predictive ability is further 
improved by deep learning techniques. Long Short-Term Memory (LSTM) networks are useful for forecasting volatility because 
they can accurately represent temporal dependencies in cryptocurrency time-series data. Sentiment analysis has become an 
important part of crypto risk modeling, along with price and volume indicators. Previous studies show that short-term price behavior 
is significantly influenced by investor sentiment gleaned from sites like Twitter and Reddit. [7] Sentiment features enhance 
prediction accuracy and offer a more thorough description of market risk when incorporated into machine learning models.There are 
still a number of research gaps in spite of these developments. The majority of current research concentrates on a single digital asset, 
usually Bitcoin, which restricts its applicability to the larger cryptocurrency market. Various feature engineering techniques, 
inconsistent data preprocessing, and the lack of standardized evaluation metrics all contribute to reproducibility problems. These 
drawbacks serve as the driving force behind the current study, which integrates sentiment-driven features with conventional 
financial indicators to create a unified ML-based risk analysis framework that can be applied to various cryptocurrencies. 

 
III. PROBLEM STATEMENT AND OBJECTIVES 

A. Problem Statement 
Extreme volatility, nonlinear dynamics, and a heavy reliance on outside variables like macroeconomic news, regulatory 
announcements, and quickly shifting social media sentiment are characteristics of cryptocurrency markets. Traders and institutions 
frequently receive delayed or unreliable risk signals as a result of the inability of conventional risk modeling techniques, such as 
GARCH-based volatility estimators and basic VaR-style measures, to capture these regime shifts and complex dependencies. In 
order to provide more precise volatility forecasts and useful risk classifications for digital asset markets, a unified, data-driven 
framework that can integrate historical price and volume data with technical indicators and sentiment features is obviously needed. 
 
B. Objectives 
The goal of this work is to use machine learning to create such a framework. 
1) Create a consolidated dataset that incorporates OHLC prices, trading volume, derived technical indicators, and sentiment scores 

from social media; 



International Journal for Research in Applied Science & Engineering Technology (IJRASET) 
                                                                                           ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538 

                                                                                                                Volume 14 Issue V May 2026- Available at www.ijraset.com 
     

4127 
4127 ©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 | 

 

2) Develop and train models like Random Forest, SVM, and LSTM for two primary tasks: forecasting future volatility and 
categorizing each trading day into low-, medium-, or high-risk groups; 

3) Compare these models with a standard GARCH(1,1) baseline using metrics like accuracy, precision, recall, F1-score, MAE, and 
RMSE; 

4) Use feature-importance and ablation analysis to examine the contributions of various feature groups; and 
5) Use case studies on volatile market episodes and a straightforward user interface that shows the risk predictions to end users to 

illustrate the practical utility of the suggested system. 
 

IV. METHODOLOGY 
The study’s methodical procedure began with the gathering of daily cryptocurrency data, including market capitalization, trading 
volume, OHLC prices, and sentiment data from sites like Reddit and Twitter. Log-returns were created from the raw price data using 

 to keep oscillations under control. Forward fill was used to handle missing values, and Min–Max scaling was used 
to normalize features  
and eliminating erroneous spikes while retaining actual volatility events. Important market indicators like 

Moving Average  were introduced by feature engineering. Grid search, dropout, the Adam optimizer, and 
early stopping were used to optimize the models after the dataset was divided into training, validation, and testing sets. Metrics such 

as accuracy, precision, recall, F1-score for classification, and  along with  
for predicting volatility. In order to demonstrate the machine learning models’ enhanced capacity to capture nonlinear market 
movements and abrupt volatility spikes, they were finally contrasted with the conventional GARCH model. 
 
Step 2: Data Preprocessing 
Forward fill or interpolation were used to handle missing values. Eliminating Noise: Invalid spikes and duplicate timestamps were 
removed. Data Scaling: Min–Max scaling was used  Converting 
price to log-returns in order to make the data stationary 

 
Step 3: Data Preprocessing Moving Average (MA): 

 
Exponential Moving Average (EMA): 

EMAt = αPt + (1 − α)EMAt−1 
Rolling Volatility (Standard Deviation): 

 
GARCH(1,1) Volatility: 

 
Sentiment Score: 

Positive − Negative 
                 St =  

Total Posts 
Step 4: Technical Indicators 
focuses on producing technical indicators that aid in capturing patterns of volatility and market behavior. Moving averages, 
exponential smoothing, volatility metrics, GARCH-based volatility, and sentiment scores from social media are some of these 
indicators. They offer crucial characteristics that enable machine learning models to identify trends in the fluctuations of 
cryptocurrency prices. 
Moving Average (MA): 
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Exponential Moving Average (EMA): 

EMAt = αPt + (1 − α)EMAt−1 
Rolling Volatility: 

 
GARCH(1,1): 

 
Sentiment Score: 

Positive − Negative 
St =  

Total Posts 
Step 5: Risk Label Creation 
entails labeling risks according to the volatility distribution. Each day’s volatility is classified as low, medium, or high risk using 
quartile thresholds. [11] By serving as target outputs for the classification models, these risk classes enable the system to discover 
how various risk levels correspond with market conditions. Low Risk if 

σt <Q1 
Medium Risk if 

Q1 ≤ σt <Q3 
High Risk if 

σt ≥ Q3 
Step 6: Training Models 
Divide the data into 10% test, 20% validation, and 70% training. 
Utilized: 
Adam Optimizer 
Dropout to lessen overfitting 
Early termination due to validation loss 
Grid Search was used to adjust the hyperparameters. Step 7: Evaluation Metrics 

 
A. Classification Metrics (Risk Levels) 
Accuracy: 

Accuracy  
Precision, Recall, and F1-score are also used to further evaluate classification performance. 
 
B. Regression Metrics (Volatility Prediction)  
Mean Absolute Error (MAE): 

 
Root Mean Square Error (RMSE): 

 
Step 8: Comparison with GARCH 
We employ various evaluation metrics for both regression and classification to assess the models’ quality. In order to determine how 
well the model recognizes each risk category, we take into account accuracy in addition to precision, recall, and F1-score when 
classifying risk levels. We use Mean Absolute Error (MAE) and Root Mean Square Error (RMSE) to assess how closely the 
predicted volatility values match the actual observed values in volatility prediction, which is treated as a regression problem. [12] 
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V. RESULTS AND ANALYSIS 
The performance of the suggested machine learning framework for cryptocurrency risk analysis is shown in this section. The 
outcomes are presented for risk-level classification and volatility prediction, and they are contrasted with the conventional GARCH 
model. [13] 
 
A. Volatility Prediction 
Sentiment scores taken from social media posts and daily price and volume data for major cryptocurrencies were used to train and 
assess the models. A total of 10% of the dataset was used for testing, 20% for validation, and 70% for training. We were able to test 
how well the models handled various volatility regimes because the market experienced both calm periods and abrupt jumps during 
the observation period. [14] 

 
Fig. 2: Synthetic cryptocurrency price series showing the split between training and test data used for model development and 

evaluation. 
 
B. Input Crypto Price Data 
The first set of tests assessed the models’ ability to forecast volatility for the following day. MAE and RMSE were used to compare 
LSTM, Random Forest, and SVM with the GARCH(1,1) benchmark. The LSTM model produced the lowest error values across all 
assets, with Random Forest coming in second. Higher MAE and RMSE were consistently produced by the GARCH model, 
particularly during abrupt market swings. This demonstrates that machine learning models are more adept at identifying nonlinear 
patterns and responding to sudden fluctuations in volatility. [15] 

 
Fig. 3: Cryptocurrency closing price showing the split between training and test data. 

 

 
Fig. 4: Comparison of MAE and RMSE for different models. 
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C. Risk Level Classification 
Based on volatility quartiles, each day was categorized as low, medium, or high risk in the second set of experiments. For this task, 
Random Forest and SVM were employed. [16] With high accuracy and balanced precision and recall across all three risk classes, 
Random Forest achieved the best overall performance. For low-risk and medium-risk days, SVM performed well; however, it 
misclassified more high-risk days, particularly during times of abrupt volatility spikes. 

 
Fig. 5: Block diagram illustrating the system behaviour during a volatile market episode, from market data and sentiment acquisition 

through volatility spike detection, risk classification, and generation of alerts or strategy adjustments. 
 
D. Feature Importance and Sentiment Impact 
An ablation analysis was carried out to determine which inputs have the greatest impact on prediction quality. Price and volume 
alone, price, volume, and technical indicators, and all features, including sentiment, were used to train the models. The performance 
of risk classification and volatility prediction was greatly enhanced by the addition of technical indicators. The model identified 
high-risk days earlier and decreased misclassification of medium- and high-risk periods when sentiment features were added. This 
improvement was most noticeable during news-driven events. [17] 
 
E. Case Study: Behaviour During a Volatile Market Episode 
A brief period of time surrounding a significant market movement—such as an abrupt price crash—was chosen in order to 
qualitatively analyze model behavior. The LSTM model increased its predicted volatility one or two days earlier during this episode 
because it responded more quickly than GARCH. Prior to the peak realized volatility, the Random Forest classifier simultaneously 
changed from low or medium risk to high risk. This shows that the suggested framework is helpful in actual trading scenarios where 
early risk detection is essential, in addition to being accurate in aggregate metrics. [18] 

 
Fig. 6: Radar chart showing the performance of the proposed cryptocurrency risk prediction model across accuracy, precision, recall, 

F1-score, and response latency. 
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By calculating log-returns, creating moving averages, exponential moving averages, rolling volatility, GARCHbased estimates, and 
normalizing features to guarantee consistency, the preprocessing and feature engineering module modifies these inputs. The main 
machine learning models—Random Forest, SVM, and LSTM—that forecast volatility for the following day and categorize each 
trading day as low, medium, or high risk are housed in the risk modeling module. The last module is a user-facing interface that lets 
users examine historical trends and evaluate current market conditions by visualizing charts, model outputs, and risk labels. 
Additionally, a clear computational strategy for managing the prediction process is outlined in the proposed framework. The stages 
of the implementation pipeline are carried out one after the other. Model training and hyperparameter tuning come after data 
preparation and risk-label creation. A unified inference workflow that can process fresh market data and update volatility and risk 
forecasts incorporates the top-performing models. Lastly, a straightforward web-based interface is used to show how the trend 
graphs and predictions can be used in real-world situations during periods of market volatility. The suggested system’s scalability 
and adaptability are guaranteed by its modular design, which makes it appropriate for real-world cryptocurrency risk monitoring and 
decision support. 
 

VI. PROPOSED SYSTEM 
The suggested system offers a machine learning-based framework intended to enhance risk classification and cryptocurrency 
volatility prediction. Market data, technical indicators, and social media sentiment are all integrated into a single modeling pipeline 
by the architecture. The core dataset consists of historical OHLC prices and trading volume, and sentiment scores from social media 
sites like Reddit and Twitter aid in capturing behavioral cues associated with changes in the market. A structured workflow 
comprising preprocessing, feature engineering, model training, and risk-level prediction is used to process these various inputs.The 
system architecture is divided into discrete modules that manage different pipeline tasks. Raw price, volume, and sentiment data are 
gathered by the data ingestion module 
 

VII. CONCLUSION AND FUTURE WORK 
A promising addition to the suggested framework is a real-time risk monitoring and alert-generation module. [9] The extended 
module would continuously consume live market data and streaming sentiment signals from exchanges, news sources, and social 
media platforms, in contrast to the current system, which relies on userprovided historical datasets. At predetermined intervals, the 
interface could automatically update volatility estimates, risk scores, and model predictions to reflect the state of the market. [20] 
When an asset’s risk level surpasses predetermined thresholds, alerts may be sent via email, SMS, or in-app notifications, along with 
succinct explanations like abrupt volume changes or sentiment shocks. [10]The module could effectively convert the framework 
from an offline analytical tool into an adaptive decision-support system appropriate for high-frequency and institutional trading 
environments by using user portfolio data to produce customized, risk-aware recommendations. 
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TABLE I: Comparison of Existing Cryptocurrency Prediction and Volatility Models with Proposed System 

Paper 
ID 

Model / Approach Dataset Used Performance 

[1] IoT-enabled Deep Learning for Real-Time 
Crypto Prediction (DL + Cloud) 

BTC market data, IoT-driven pipeline High accuracy; real-time inference 

[5] Bi-Directional LSTM for real-time crypto forecasting BTC/USD intraday price series Lower error vs classical baselines 

[7] ML-based BTC prediction using Random 
Forest, SVM, NN 

BTC OHLCV (daily) RMSE 
improved over 
ARIMA/GARCH 

[3] News + Social Media Sentiment + ML Twitter + Reddit + BTC prices 
(2016–2020) 

Trend accuracy 88–91% 

[4] Tweet-Sentiment Driven Crypto Forecasting using SVM Tweets aligned with price data 85–89% 
classification accuracy 

[18] Bayesian Neural Networks for BTC price modeling BTC historical returns (2013–2020) Lower 
MAE/RMSE 
than 
GARCH 

[9] LSTM with 10-Fold CV for BTC forecasting BTC OHLCV (2014–2019) High trend- 
direction accuracy 

[19] ML models for stock + crypto prediction 
(SVM, RF, NN) 

Crypto + stock datasets Good 
baseline classification 

[20] Sentiment-based modelling using Google 
Trends + Wikipedia 

BTC price + search index Predictive gain on trend 
reversal 

[2] ML Model Comparison (RF, SVM, KNN) 
for BTC prediction 

BTC daily OHLCV SVM superiors in shortterm predic- 
tion 

[6] Random Forest theory supporting crypto ML modelling Synthetic + market datasets Basis for 
RF crypto 

prediction 

[10] Bitcoin Technology Architecture Analysis 
(IoT, Blockchain) 

BTC blockchain metadata Architectural study (no 
accuracy) 

[11] Evolutionary Behaviour of Crypto Market Multi-coin market data (2009–2017) Market structure findings 

Propose d Hybrid ML Framework (LSTM + RF + SVM) with Sentiment & Technical 
Indi- 
cators for Volatility 

OHLCV, volume, market cap, 10+ technical indicators, social-
media sentiment (2017–2024) 

 

 



 


