
Volume-2, Issue-1, January-March 2026 

 ISSN: 3107-7897 | P.ID: JDEBM/32 

DOI: https://doi.org/10.5281/zenodo.19230611 

 

  

 © 2026 Journal of Digital Engineering and Business Management | www.jdebm.com 
 

273 

DATA-DRIVEN FINANCIAL RISK MODELING FOR 

CRYPTOCURRENCY MARKET ANALYSIS 

 
*1

LAVANYA ERAGAM REDDY, M.Tech Student, 
*2

K CHANDRA PRASAD,  Assistant Professor,  

Department of Computer Science & Engineering,  

Srinivasa Institute of Technology &Science(Autonomous), Kadapa, AP. 

 

ABSTRACT: Bitcoin market volatility and unpredictability are studied using data-driven 

financial risk modeling. On-chain indicators, transaction volumes, and historical price explain 

market dynamics. Complex statistical approaches and machine learning explain nonlinear 

relationships and huge price changes. Sentiment and real-time market data improve forecast 

accuracy in the suggested strategy. Volatility clusters and tail-risk fluctuations imply market 

instability. The tech is tested with Ethereum and Bitcoin. Classic risk assessment is inferior to 

comparative analysis. System resilience to unanticipated market shifts is examined using 

scenario models and stress testing. The model enhances portfolio allocation and safety. Early 

warning indicators aid risk-reduction. Volatile digital asset markets require adaptive learning. 
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1. INTRODUCTION 

Global cryptocurrency markets have 

grown swiftly, attracting traders, investors, 

and financial institutions. Although 

lucrative, it is volatile and sensitive to 

external pressures. Managing risk can 

overlook cryptocurrency's complexity. 

Social media, restrictions, and significant 

price changes affect these markets. This 

study analyzes and controls bitcoin trading 

financial risk using ML. Machine learning 

algorithms can quickly find hidden 

patterns in massive datasets and predict 

properly without human intervention. 

Supervised, unstructured, and 

reinforcement learning forecast risk, 

outliers, and market patterns. Price history, 

blockchain indicators, social sentiment, 

and transaction volumes were evaluated. 

Machine learning enables real-time, better 

investing. This research creates smart, 

versatile, and effective automated financial 

systems. It forecasts and mitigates bitcoin 

market financial risks using ML. 

Financial analytics algorithms boost 

market risk modeling volatility. This is 

especially true in the volatile 

cryptocurrency market. Cryptocurrencies 

differ from traditional currencies due to 

their price volatility, non-linear market 

behavior, and frequent government 

regulation changes. They result from 

speculative trading, market sentiment, and 

macroeconomic instability. Data-driven 

systems that find patterns in large high-

frequency market data are crucial. 

Traditional risk modeling is worthless due 

to these traits. 

Statistical and machine learning 

algorithms can find trends in price series, 

order books, blockchain metrics, and 

social media signals. Data-driven risk 

frameworks recognize tail risks, volatility 

clustering, and unique market behavior 

better than parametric models. Predictive 

modeling, feature engineering, and 

dimension reduction. This enhances 

portfolio and market risk evaluation. 
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Deep learning and ensemble learning have 

improved CVaR, Stress Testing, and VaR 

to address bitcoin market volatility. 

Market-adaptive hybrid systems improve 

forecasting and risk tracking. Adaptive 

models help regulators, large investors, 

and traders make smart decisions in 

decentralized financial systems. 

Financial risk models that process 

enormous amounts of data in real time are 

appropriate for bitcoin market analysis. 

Continuous risk evaluation in dynamic 

markets is possible with streaming 

streams, huge data structures, and 

automatic model updates. As digital asset 

markets expand, data-driven risk modeling 

will improve market consistency, investor 

decision-making, and fact-based 

regulations. 

 

2. LITERATURE SURVEY 

Zhang, Y., Wang, S., & Ji, G. (2020) A 

range of asset classes are examined to 

examine financial risk modeling machine 

learning algorithms. The inquiry examines 

operational, credit, and market risk 

utilizing deep learning, supervised, and 

unsupervised methodologies. Important 

concerns include data imbalance, model 

interpretability, and non-stationarity. A 

summary of comparative performance 

evaluation methods is provided. Risk-

sensitive financial applications benefit 

from model selection advice. 

Corbet, S., Larkin, C., Lucey, B., 

&Yarovaya, L. (2020) Cryptocurrency 

markets may spread financial risk during 

the COVID-19 epidemic. Spillover and 

connection measures show that stressed 

cryptocurrency assets and traditional 

financial markets move together more. In 

times of high volatility, shocks spread 

faster. Cryptocurrencies pose systemic 

danger amid global crises, according to the 

results. Crisis-aware risk management 

models are supported by the findings. 

Liu, Y., Tsyvinski, A., & Wu, X. (2021) 

Factor-based modeling identifies bitcoin 

volatility and return risk variables. 

Research shows that market-wide, 

momentum, and network activity factors 

can significantly affect return variation. 

Risk premia differ from conventional asset 

categories. Multiple cryptocurrencies have 

strong explanatory value, according to 

empirical studies. The findings support 

factor-driven portfolio risk modeling in 

cryptocurrency markets. 

Kwon, O., & Sohn, S. Y. (2021) An 

attention-based LSTM framework is 

recommended for Bitcoin price volatility 

prediction. Attention systems record 

significant historical patterns and temporal 

linkages. Experimental results show that 

the former outperforms LSTM and 

GARCH models. High volatility regimes 

improve non-linear market dynamics 

modeling. The technique predicts real-time 

volatility, helping bitcoin risk 

management. 

Wu, X., & Wei, T. (2022) Extreme Value 

Theory and quantile regression simulate 

cryptocurrency tail risk. Few accidents and 

high losses are the framework's main 

concerns. Value-at-Risk and Conditional 

VaR estimation are more accurate. It 

captures unfavorable risk better than 

volatility models. The findings strengthen 

bitcoin portfolio stress testing and risk 

evaluation. 

Katsiampa, P., Corbet, S., & Lucey, B. 

(2022) Time-varying connectedness of the 

main cryptocurrencies is investigated to 

assess risk spillovers. Dynamic network 

topologies are more interconnected during 

market downturns. Ethereum and Bitcoin 

are the biggest volatility transmitters. 
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Cryptocurrency ecosystem contagion 

increases systemic risk. These findings 

support systemic risk monitoring and 

diversification. 

Paris, Q., & Mora, R. (2022) In bitcoin 

derivatives markets, deep reinforcement 

learning is suggested for multi-factor risk 

modeling. Adaptive approaches handle 

volatility, liquidity, and financing rates. 

Experimental results show improved 

hedging efficacy and risk-adjusted 

performance. The model adapts to 

changing markets. The comprehensive risk 

control mechanism aids derivative trading. 

Hassan, M. R., & Nath, B. (2023) Bitcoin 

market financial risk is categorized using 

explainable machine learning methods. 

Model transparency is improved via 

feature attribution. While keeping high 

predicted accuracy, interpretability 

improves. Crypto risk is affected by many 

things, including liquidity disruptions and 

volatility spikes. It promotes reliable, 

regulatory-compliant risk evaluations. 

Chang, Y., & Chen, W. (2023) The real-

time bitcoin portfolio risk alarm system 

uses streaming analytics. Alerts for 

abnormal risk conditions are generated 

from high-frequency market data. 

Integrating volatility criteria and anomaly 

detection. Empirical data supports early 

market volatility detection. The framework 

allows proactive live trading risk 

monitoring. 

Lee, J., & Kim, H. (2024) Transformer-

based models assess cryptocurrency risk 

using social media sentiment and price 

data. Effectively capture long-range 

dependencies and behavioral impacts. 

Prediction performance is better than 

price-only models. Sentiment-driven 

market responses greatly affect volatility. 

The method improves market risk 

detection. 

Santos, M., & Oliveira, L. (2024) 

Blockchain transaction networks detect 

systemic risk with deep graph neural 

networks. We specify shock propagation 

between nodes and structural relationships. 

Locations of high-risk concentrations and 

fragile networks. Systemic risk is strongly 

influenced by network topology. The 

method aids blockchain ecosystem early 

warning systems. 

Kumar, N., & Banerjee, S. (2024) AI-

driven portfolio risk management for many 

cryptocurrencies is advocated. Dynamic 

asset allocation, correlation dynamics, and 

volatility predictions are incorporated. 

Results show fewer drawdowns and higher 

risk-adjusted returns. Market conditions 

influence portfolio rebalancing. The 

system automates cryptocurrency portfolio 

risk management. 

Patel, A., & Singh, R. (2025) A hybrid AI 

architecture using deep learning and 

statistical models assesses cryptocurrency 

market risk. Both short-term volatility and 

long-term regime shifts are recorded. 

Market volatility boosts robustness. 

Ensemble modeling stabilizes nonlinear 

dynamics. The framework enables 

scalable, real-time risk analytics. 

Nguyen, L., & Tran, D. (2025). Financial 

risk modeling in DeFi markets uses multi-

objective reinforcement learning. The 

approach optimizes liquidity risk, 

volatility, and return. Protocol-level 

adaptive strategies address liquidity and 

interest rate changes. Ambiguity promotes 

risk-aware decision-making. The method 

aids effective DeFi risk management. 

Gupta, R., & Zhao, T. (2025). Financial 

risk in decentralized finance ecosystems is 

assessed using explainable deep learning 

models. Interpretable AI methods improve 

transparency without losing predictive 

performance. Both market and protocol 
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risk concerns are significant. The 

governance and compliance issues are 

examined. The project encourages DeFi 

risk modeling using ethical and 

understandable AI. 

 

3. PROPOSED SYSTEM 

Deep learning models, sentiment analysis, 

anomaly detection, and machine learning 

improve bitcoin risk management in the 

proposed strategy. Instead of mean-

variance optimization, hierarchical risk 

parity (HRP), and wavelet-based analysis, 

the unique methodology uses real-time 

predictive analytics and multi-source data 

processing to improve risk assessments. 

The proposed system benefits from 

anomaly detection methods. These 

algorithms detect unusual market 

movements, fraud, and price swings. 

However, previous studies focused on 

portfolio optimization and asset allocation. 

Live data processing is another important 

improvement of the proposed system. The 

batch processing used in current financial 

risk models delays risk detection. New 

technology uses big data frameworks, 

cloud computing, and high-frequency data 

processing to predict risk quickly. 

Streaming analytics and real-time data 

pipelines improve risk assessments and 

high-frequency trading techniques.  

Traditional techniques have struggled with 

scalability and computational efficiency, 

but the suggested system uses cloud-based 

computing and parallel processing to 

manage enormous financial and 

blockchain data. Overall, blockchain 

analytics and predictive modeling are used 

to create a cryptocurrency market risk 

management framework. 

ADVANTAGES OF PROPOSED 

SYSTEM 

Real time risk analysis -The suggested 

method uses sentiment analysis, anomaly 

detection, predictive modeling, blockchain 

analytics, and pattern recognition for the 

cryptocurrency markets. This technique 

makes financial risk management in the 

unpredictable cryptocurrency environment 

more adaptive, clear, and trustworthy by 

resolving financial model issues and 

combining real-time, AI-driven insights. 

Enhanced Predictive Accuracy:By 

evaluating huge volumes of previous and 

present data, machine learning algorithms 

enhance cryptocurrency price forecasts. 

Contrary to linear financial models, LSTM 

and other ML algorithms may detect 

seasonality, non-linear relationships, and 

unexpected market swings. The computers 

predict price changes using sentiment 

analysis, volume patterns, prior trading 

activity, and external variables like 

regulatory notifications. 

Automation in risk management - 

Machine learning automates many 

financial risk management operations, 

improving decision-making and reducing 

error. Risk assessments once used manual 

data analysis, which was time-consuming 

and biassed. 

 

4. EXISTING SYSTEM 

Heuristics, conventional financial models, 

and technical indicators are used to control 

cryptocurrency market risk. These 

strategies reduce risk less effectively due 

to bitcoin markets' volatility and 

unpredictability. VaR, CVaR, and the 

Sharpe Ratio are common risk assessment 

techniques. Traditional finance techniques 

can't capture cryptocurrency markets' 

distinctive behavioral patterns, emotional 

swings, and lightning-fast price 

movements. 
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Conventional finance uses statistical 

models and historical data to manage risk. 

Technical indicators like moving averages 

and historical volatility help analysts and 

investors identify risks. These strategies 

assume future market conditions will 

match past data trends. This premise is 

untrue since automated trading, social 

media mood, and external events affect 

bitcoin prices. 

Many risk management systems 

incorporate machine learning, although 

their capabilities are generally limited. 

Many risk classification systems use 

regression models, decision trees, or 

support vector machines (SVMs) instead 

of deep learning models that can capture 

complex market dynamics. Existing 

models don't keep up with moving bitcoin 

markets since they're not designed for real-

time forecasting. 

One of the biggest problems with machine 

learning-based risk management systems 

is indecipherability. Despite their 

accuracy, deep learning algorithms like 

neural networks are nicknamed "black-

box" models, making risk forecasts hard to 

interpret for traders and investors. If AI-

based risk management solutions are 

confusing, users may not adopt them. 

DRAWBACKS ON THE EXISTING 

SYSTEM 

Lack of Adaptability to Cryptocurrency 

Market Volatility -The Markowitz and 

HRP portfolio optimization methods use 

historical data and mean-variance 

assumptions, which ignore 

cryptocurrencies' non-stationary nature 

and excessive volatility. Bitcoin values are 

affected by social media trends, 

government pronouncements, and 

macroeconomic developments, making 

prior risk evaluations less reliable for 

projecting future prices. 

Failure to Capture Non-Linear Market 

Relationships -For risk assessment and 

portfolio optimization, most methods use 

linear correlation, such as HRP and Black 

Litterman models. Algorithmic trading, 

high-frequency trading, and DeFi 

protocols disrupt bitcoin's complex, non-

linear relationships. These models cannot 

account for such intricacies, reducing their 

financial risk prediction accuracy. 

Inability to Detect Market Manipulation 

and Anomalies -Isolation Forest, Auto 

encoders, and Local Outlier Factor are not 

used in existing systems to detect market 

manipulations including flash crashes, 

pump-and-dump schemes, and phony 

trading volumes. Due to their 

decentralization, bitcoin exchanges are 

easy targets for fraud, and investors lack 

early warning from risk models. 

Lack of Real-Time Risk Monitoring and 

Decision Support -Current financial risk 

management methods lack predictive 

analytics and real-time monitoring. To stay 

current on bitcoin market changes, traders 

need real-time risk assessment and 

automatic market alerts. Lacking real-time 

machine learning algorithms, investors 

struggle to adapt to dangers. 

Inaccuracies in Portfolio Optimization 

Strategies - Markowitz optimization and 

Black-Litterman models assume asset risks 

are equally distributed and investors have 

reasonable expectations. The distributed 

actions of bitcoin investors could cause 

liquidity shocks and price swings. These 

algorithms' portfolio allocation strategies 

lack behavioral finance principles, making 

them poor. 

 

5. SYSTEM DESIGN 

The system integrates cryptocurrency data 

from multiple sources via a real-time, 
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scalable data pipeline. These sources 

include order books, exchange price feeds, 

derivatives markets, on-chain 

measurements, and sentiment streams. A 

streaming ingestion layer uses message 

queues and APIs to obtain high-frequency 

data, while batch pipelines backfill prior 

data. The cleansed and standardized data, 

which is time-aligned across all sources, is 

used to construct sentiment evaluations, 

returns, liquidity indicators, volatility 

assessments, and on-chain activity growth. 

Processed data in data lakes and time-

series databases allows low-latency 

querying and historical analysis. 

This client-server architecture allows 

remote users to connect to a single service 

provider via a web interface. Customers 

can use cryptocurrency financial risk type 

estimation and profile viewing after 

signing up. The web server handles user 

requests, controls sessions, and connects 

frontend and backend services. 

Middleware layer. The service provider 

module processes user queries and 

receives data from the web server. 

Training and testing cryptocurrency 

datasets, assessing prediction accuracy, 

and classifying financial risks are handled 

by this module. 

Most system analytics and risk modeling 

logic is at the service provider layer. It 

ranks cryptocurrencies by financial risk 

and risk ratio, assesses accuracy (displayed 

in bar charts), and trains and evaluates 

machine learning models using 

cryptocurrency datasets. This layer lets 

you download prediction datasets and view 

risk analysis results. By combining model 

training, inference, and evaluation in this 

component, the system assures 

consistency, model reuse, and controlled 

access to sensitive analytical operations. 

The online database stores user, dataset, 

training, prediction, and log data 

indefinitely. Web servers store and retrieve 

database data to preserve user activity and 

processed results. The architecture isolates 

data ingestion, processing, and storage 

from user interaction for scalability and 

dependability. Safe multi-user access, real-

time risk prediction, visualization, and 

data-driven workflow management are key 

to cryptocurrency financial risk modeling. 

 

Fig 1: System Architecture 

 

6. RESULTS 

 
Fig 2: Home page. 

 
Fig 3: User login Page 
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Fig 4: Student registration 

 
Fig 5: Login details 

 
Fig 6: Model Accuracy Comparison Graph  

 

7. CONCLUSION 

Finally, data-driven financial risk 

modeling provides a flexible framework 

for understanding and managing bitcoin 

markets' extraordinary volatility. These 

models use emotion cues, derivatives 

indicators, market prices, and on-chain 

events to capture complicated, non-linear 

risk dynamics that standard approaches 

ignore. Machine learning and deep 

learning improve crash likelihood, tail risk, 

and volatility predictions. Real-time 

analytics and streaming architectures offer 

risk assessment and warnings during rapid 

market shifts. Model explainability and 

constant monitoring boost crypto risk 

system confidence, openness, and 

regulatory readiness. Scalable, cloud-

native systems perform reliably under 

high-frequency data loads. Portfolio-level 

risk aggregation enables intelligent 

hedging and diversification. Stress testing 

and scenario preparation protect systems 

from liquidity shocks and flash crashes. 

Adaptive retraining keeps the model 

relevant even when data is noisy or the 

regime changes. Responsible AI 

deployment benefits from strong 

regulations and moral AI practices. 
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