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Abstract

This study develops an AI/ML framework for predicting risk across equities, cryptocurrencies,
and real estate, addressing the challenges of data heterogeneity, temporal misalignment, and
volatility asymmetry. By integrating hybrid architectures like LSTM-GARCH and transformer
networks with explainable Al (XAI), the model processes multi-domain datasets, including
macroeconomic indicators, on-chain crypto metrics, and geospatial real-estate trends.
Empirical results demonstrate a 18-32% reduction in RMSE compared to traditional models,
with SHAP values quantifying cross-asset risk spillovers. The framework complies with Basel

IIT and MiFID II regulations, offering scalable solutions for dynamic markets.

Keywords: Multi-domain risk prediction, ensemble learning, volatility clustering, SHAP, VaR,

cross-asset correlations
2. Introduction
2.1 Background and Context of Multi-Domain Risk Prediction

Financial market globalization has increased interconnectedness across equities,
cryptocurrencies, and property. For example, the 2023 American bank collapse induced
correlated sales across tech equities (-14%), Bitcoin (-22%), and commercial property (-12%).
Classical risk models with separated asset classes are unable to simulate such cross-domain
spillovers (Previati, Cucculelli, & Frigo, 2024). AI/ML methods, on the other hand, are
intrinsically designed to handle heterogeneous data—Ilike minute-level crypto volatility,
quarterly property returns, and equity fundamentals—to facilitate end-to-end risk
measurement. Federated learning and quantum ML advances provide additional scalability, and

multi-domain architectures become essential for contemporary portfolio management.
2.2 Problem Statement: Challenges in Cross-Asset Class Risk Modeling

Key challenges include:
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1. Data Heterogeneity: Equity data (e.g., P/E ratios) is structured, while crypto relies on

unstructured on-chain metrics (e.g., NFT liquidity) and real estate on geospatial trends.

2. Volatility Clustering: Cryptocurrencies exhibit 5—7x higher volatility than equities, with
Bitcoin’s daily volatility averaging 3.2% in 2023 versus 0.6% for the S&P 500.

3. Temporal Misalignment: Real-estate data (reported quarterly) lags behind high-

frequency crypto and equity data, complicating real-time risk aggregation.

4. Regulatory Compliance: Basel III mandates stress testing across asset classes, but

fragmented models struggle to simulate interconnected shocks.
2.3 Objectives and Scope of the Study
This research aims to:
1. Design a unified AI/ML architecture for multi-domain risk prediction.
2. Quantify risk spillovers using SHAP-based interpretability.

3. Validate robustness under black swan events (e.g., 2022 LUNA crash).
The scope spans 2018-2024, covering 12 equity indices, 8 cryptocurrencies, and 6 real-

estate markets.
3. Literature Review
3.1 Evolution of Risk Prediction Models in Finance

Risk forecasting models have come a long way from being basic statistical models to advanced
Al-driven systems. These early models like the Capital Asset Pricing Model (CAPM) and
autoregressive conditional heteroskedasticity (GARCH) did address single-asset volatility but
had no frameworks to address cross-asset dependencies. The 2008 financial crisis revealed the
inadequacies of these models, especially their failure to forecast systemic risks due to
interdependent markets. Post-2010 innovations saw the emergence of machine learning (ML)
methods, wherein random forests and gradient-boosted trees cut down Value-at-Risk (VaR)
errors by 15-22% in equity portfolios by capturing non-linear relationships (Previati,
Cucculelli, & Frigo, 2024). Post-2020 innovations saw hybrid models, like LSTM-GARCH,
combine deep learning's capacity to detect patterns and GARCH's volatility clustering to
enhance multi-asset forecast accuracy by 18-25%. Recent research points transformer

networks to be best suited to model long-range dependencies in cross-domain data with an R?
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of over 0.85 in the field of volatility forecasting.
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Figure 1 Conceptualizing an Institutional Framework to Mitigate Crypto-Assets’ Operational Risk(MDPI,2024)

3.2 Machine Learning Techniques in Equity Market Risk Analysis

Equity risk modeling has shifted towards ML methods that can handle high-dimensional inputs
such as fundamentals, technicals, and macro indicators. Transformer models learned from
minute-level price action and earnings call transcripts have been reported to be 27% more
accurate in predicting drawdowns compared to ARIMA. RL agents learn optimal dynamic
hedging regimes by training on thousands of scenarios of various markets and minimizing
portfolio drawdowns by 12—-19% during volatile times. Explainable Artificial Intelligence
(XAI) techniques, including SHAP, are being employed to analyze feature importance, which
shows that short interest and liquidity ratios account for 43% of S&P 500 volatility during
earnings season(Zhao, Zhao, Li, Zhang, & Wang, 2024). Even with such advances, however,
problems persist estimating tail risks during black swans when even cutting-edge models

lowball losses by up to 8—14%.
3.3 Cryptocurrency Volatility Modeling: State-of-the-Art Approaches

Cryptocurrency volatility models combine on-chain data, sentiment, and liquidity to regulate
price volatility. Order-book-based and social sentiment-trained Long Short-Term Memory
(LSTM) networks decreased the error in predicting Bitcoin's 30-day Value-at-Risk (VaR) from
4.1% by baseline GARCH models to 2.3%(Zhao, Zhao, Li, Zhang, & Wang, 2024). Stablecoin
usage, like Tether (USDT) minting, has been shown to be a significant crypto market liquidity

shock predictor, with correlation coefficients much higher than 0.6 during selloffs. Models do
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poorly at sudden regime changes, like the 2022 Terra-LUNA collapse, when volatility increased
by 300% over 24 hours, overwhelming traditional architecture. Some recent work involves
graph neural networks (GNNs) that project cross-exchange arbitrage potential, enhancing

Ethereum volatility forecasting by 21% in backtests.
3.4 Real-Estate Risk Assessment: Data-Driven Innovations

Real-estate risk models currently utilize geospatial data, satellite imagery, and macroeconomic
factors to forecast price changes and defaults. Convolutional Neural Networks (CNNs) that
process urban planning patterns are 89—93% accurate in signaling overvalued markets, a 15—
20% improvement over hedonic pricing models. Rental yield trends, along with mortgage rate
predictions, account for 67% of commercial real-estate price fluctuations in post-pandemic
markets(Kaur, Sharma, & Dhir, 2023). Climate risk integration, e.g., flood zone mapping
through LiDAR, has lowered default prediction errors by 31% in coastal areas. Low-frequency
availability (quarterly appraisals, e.g.) is still the chokepoint that keeps us from doing risk

assessment in real time.
3.5 Cross-Domain Risk Integration: Gaps and Opportunities

There is limited solid methodology in current literature on integrating high-frequency crypto
data with low-frequency real-estate metrics. Temporal misalignment like aligning hourly
Bitcoin returns and monthly house prices indices injects noise reducing the model accuracy by
12—-18%. Federated learning frameworks, that do not pool data to train models on decentralized
data sets, have the capability to maintain privacy when deriving cross-asset correlations.
Dynamic time warping (DTW) algorithms, used to align time-series data between domains,
have enhanced correlation identification by 25% for multi-asset portfolios(Kaur, Sharma, &
Dhir, 2023). Quantum machine learning, which remains an early concept, has the potential to
solve high-dimensional optimization issues in cross-domain risk aggregation, with early tests

being 40% quicker than regular algorithms.
4. Theoretical Framework
4.1 Foundations of Multi-Domain Risk Prediction

The theoretical framework of multi-domain risk prediction is based on the confluence of
Modern Portfolio Theory (MPT) and systemic risk approaches. MPT diversification rules are

enforced across asset classes with varying heterogeneity using the cross-correlation estimation
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in terms of non-linear relationship-adjusted covariance matrices. Long-run equilibria among
asset classes, like real-estate yields and equity dividend patterns, are set using cointegration
methods with a cointegration coefficient of 0.62 in quiet markets(Ferreira & Pinto, 2024).
Systemic risk theory is also incorporated in the framework showing contagion channels, e.g.,
crypto market liquidity spillover into technology equities on margin calls, as sources of 18—
24% cross-domain volatility. Macro regimes, i.e., inflationary v. deflationary cycles, included
in the framework allow dynamic risk weight adaptation, contributing 14% gain in backtest

scenario accuracy.
4.2 AI/ML Techniques for Heterogeneous Data Integration
4.2.1 Ensemble Learning for Cross-Asset Correlations

Ensemble techniques like gradient-boosted trees and random forests are used to pick up non-
linear correlations among asset classes. XGBoost models trained on equity-crypto-real-estate
triplets detect asymmetrical dependencies, like Bitcoin's 0.48 correlation with NASDAQ
during liquidity drought that drops to 0.12 during bull periods. Feature importance scores point
towards crypto exchange reserve accounts as contributing 32% of cross-asset volatility under

market stress over conventional metrics like VIX(Ferreira & Pinto, 2024).
4.2.2 Deep Learning Architectures for Time-Series Volatility

Temporal convolutional networks (TCNs) and LSTM-GARCH hybrids are able to capture
volatility clustering and regime switching. TCNs handle minute-level crypto data using dilated
convolutions with a 21% lower RMSE in Ethereum's 24-hour volatility prediction versus
vanilla LSTMs. LSTM-GARCH models, with the heteroskedasticity adjustments of GARCH,
bring Bitcoin's 30-day VaR forecast error down to 2.1% from 3.4% (GARCH-only)(Sutiene et
al., 2024). Multi-head attention transformers, trained over multi-frequency data, align quarterly

real-estate appraisals with daily equity closes with a 19% correlation estimate improvement.
4.2.3 Transfer Learning Across Asset Classes

Transfer learning applies knowledge from high-data assets (equities) to enhance predictions in
low-data assets (real estate). Fine-tuned equity volatility models pre-trained on equities are able
to make 87% accurate Ethereum drawdown predictions using only 40% of the training data.

Likewise, real-estate risk models pre-trained on equity fundamentals achieve 15% better
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convergence in predicting rental yields at the cost of 22% less computation(Sutiene et al.,

2024).
4.3 Risk Metrics and Quantification Methodologies
4.3.1 Value-at-Risk (VaR) and Conditional VaR (CVaR)

Al VaR models combine tail risk adjustments through extreme value theory (EVT) to decrease
underestimation in crises by 41%. To illustrate, Bitcoin's 99% CVaR, as estimated through
quantile regression forests, increases from 12% to 18% during exchange liquidity
droughts(Wang, Zhang, & Li, 2023). Hybrid VaR-CVaR architectures, combining Monte Carlo
simulations with reinforcement learning, minimize capital allocation through penalizing tail

risks 3x more than median losses.
4.3.2 Stress Testing and Scenario Analysis

Generative adversarial networks (GANs) create stress scenarios like concurrent real-estate
defaults and crypto liquidity shortages, which are not accounted for by traditional models. A
2024 GAN model stress test found that a 20% fall in commercial real-estate prices can lead to
a 14% REIT sell-off and a 9% reduction in Bitcoin prices as a result of margin call cascades.
The weights of the scenarios are dynamically optimized with Bayesian inference and enhance
the precision of capital adequacy projections by 29% according to Basel I1I standards(Wang,
Zhang, & Li, 2023).

5. Methodology
5.1 Data Collection and Preprocessing
5.1.1 Equity Market Data: Indices, Fundamentals, and Technical Indicators

Equity data comprises 12 leading indexes such as S&P 500 and NASDAQ Composite sampled
per hour between 2018 to 2024. Underlying numbers such as P/E ratio, D/E ratio, and EBITDA
margins are from quarter-by-quarter SEC filings and indicators such as the RSI and MACD are
calculated based on minute-size price feeds(Joseph et al., 2022). Missing data points, at 4—7%
of the data set, are imputed by spline interpolation to give temporal consistency. Categorical

features, i.e., sector labels, are one-hot encoded to meet neural network topologies.

5.1.2 Cryptocurrency Data: On-Chain Metrics, Liquidity, and Sentiment Analysis

1751 Shaikh Sarfarazurrehman et al 1746-1765




Journal of Computational Analysis and Applications VOL. 33, NO. 5, 2024

10.48047/jocaaa.2024.33.05.30

Cryptocurrency data sets consist of hourly price feeds, on-chain metrics (hash rate, active
addresses), and exchange liquidity measures (bid-ask spreads, order-book depth) for eight
major assets, including Bitcoin and Ethereum. Sentiment scores are derived from Twitter,
Reddit, and Telegram via VADER (Valence Aware Dictionary and sEntiment Reasoner) and
polarity scores ranging from -1 (bearish) to +1 (bullish). Trends in stablecoin issuance, such as
Tether (USDT) and USD Coin (USDC), are monitored to establish market liquidity, as their
combined circulating supply has a correlation with Bitcoin's 30-day volatility of 0.58. Raw text
data are subjected to TF-IDF vectorization for the purpose of dimensionality reduction prior to

ingestion into the model(Joseph et al., 2022).
5.1.3 Real-Estate Data: Macroeconomic Indicators, Geospatial Trends, and Rental Yields

Real-estate data are provided across six urban markets, such as Tokyo and New York, with
quarterly valuations for residential and commercial properties. Geospatial attributes, e.g.,
accessibility to public transport stations and flood zones, are obtained from satellite images
through convolutional neural networks (CNNs). Macroeconomic metrics—i.e., home loan
interest rates, inflation figures, and GDP growth—align with property data using dynamic time
warping (DTW) to adjust for time lag(Joseph et al., 2022). Rental yields, expressed as rent-to-

price ratios for each annum, are Z-score scaled to standardize with equity and crypto data.
5.2 Feature Engineering for Multi-Domain Risk Signals
5.2.1 Temporal and Spatial Feature Extraction

Temporal features consist of rolling volatility (30-day standard deviation), autocorrelation lag,
and Fourier transforms to yield periodic patterns in equity and cryptocurrency data. Spatial
features like land-use diversity indices and commute-time percentiles are calculated from
geospatial clustering algorithms for property. Cross-domain features like the 90-day correlation
between Bitcoin and REITs are designed to identify risk spillovers(Alvarez, Roman-Rangel, &

Montiel, 2022).
5.2.2 Normalization and Standardization Techniques

Recurrent attributes (e.g., hash rates, P/E ratios) are Z-score normalized, while categorical
attributes (e.g., sentiment scores) are Min-Max scaled within [0,1] ranges. Cyclical attributes

(e.g., time-of-day impact on crypto trading) are encoded through sine-cosine encoding to
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maintain periodicity. Mutual information scores are computed to estimate feature importance,

and low variance features (MI < 0.05) are dropped to prevent overfitting.
5.3 Model Selection and Architecture
5.3.1 Hybrid Models (LSTM-GARCH, Transformer-Based Networks)

A hybrid LSTM-GARCH model responds to equity and crypto volatility, with LSTM layers
identifying non-linear patterns and GARCH elements modeling residual heteroskedasticity.
Transformer networks, utilizing multi-head attentions, combine cross-domain knowledge by
weighting inter-asset relations—e.g., real-estate yields' effect on equity dividends. The
positional encoding layer of the transformer aligns quarterly real-estate data with daily equity

and crypto inputs.
5.3.2 Explainable AI (XAI) for Risk Attribution

SHAP (SHapley Additive exPlanations) valuations break down risk predictions into asset-by-
asset contributions and conclude that Bitcoin hash rate accounts for 18% of S&P 500
drawdowns in mining capitulation events(Alvarez, Roman-Rangel, & Montiel, 2022). LIME
(Local Interpretable Model-agnostic Explanations) creates counterfactual examples, like the

instance where a 10% reduction in rental yields increases crypto margin calls by 6-9%.
5.4 Validation Framework
5.4.1 Backtesting Protocols

Walk-forward validation splits data into 36-month train and 12-month test windows with a 3-
month rolling recalculation to adapt to regime changes. Crypto models are tested against
historical flash crashes (e.g., the May 2021 Bitcoin sell-off), and real-estate models are tested
for 2008-type defaults.

5.4.2 Performance Metrics: RMSE, MAE, and Sharpe Ratio Adjustments

Root Mean Squared Error (RMSE) and Mean Absolute Error (MAE) measure volatility
forecasts, with Sharpe Ratio for non-normal returns adjusted by the Sortino Ratio(Gu, Kelly,
& Xiu, 2020). For multi-asset models, a composite measure—Weighted Prediction Score
(WPS)—combines RMSE (50%), Sharpe (30%), and feature stability (20%), with a 0.82 score

compared to 0.65 for single-asset benchmarks.

6. Data Analysis and Feature Engineering
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6.1 Exploratory Data Analysis (EDA) Across Asset Classes

Exploratory data analysis displays characteristic statistical behaviors among equities,
cryptocurrencies, and real estate. Equity indices are moderately volatile (15-20% annualized
standard deviation) with return skewness of negative values (-0.3 to -0.5) that reflect
consecutive drawdowns in earning cycles. Cryptocurrencies exhibit leptokurtic distributions
(kurtosis > 10) with outliers like Bitcoin's 40% one-day drop in March 2020. Real-estate data
exhibit spatial autocorrelation with geospatial clusters in flood-risk areas (Moran's I = 0.67)
accounting for 22% of regional price differences(Gu, Kelly, & Xiu, 2020). Temporal
decomposition of crypto volatility reveals intraday periodicity, with 70% of Bitcoin price
variation within U.S. trading hours, as opposed to real estate's quarterly valuations. Missing
data rates differ by asset class: 3% in equities, 9% in crypto (exchange downtime), and 12% in
real estate (delayed regulatory reports).

—e— Equities

- Cryptocurrencies
—&— Real Estate

Comparative Ass\%ﬁa(t:ilhat?/s Characteristics

Max Drawdown e Skewness

Kurtosis

Figure 2 Comparative asset class statistics (Source: Author's analysis, 2024)

Table 1: Summary Statistics Across Asset Classes
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Metric Equities | Cryptocurrencies | Real

(Avg) (Avg) Estate
(Avg)

Annualized | 17.5 83.2 94

Volatility

(%)

Skewness | -0.42 1.35 -0.18

of Returns

Kurtosis 4.6 12.9 3.1

Max Daily | -5.2 -41.8 -2.3

Drawdown

(o)

Data Daily Hourly Quarterly

Reporting

Frequency

Missing 3.1 8.7 11.9

Data Rate

(o)

6.2 Correlation and Causality in Multi-Domain Datasets

Cross-correlation analysis finds asymmetric connections, for instance, 0.58 between Ethereum
hash rate and NASDAQ volatility on sell-offs in the technology sector, the opposite of -0.12
on bull trends. Bidirectional spillovers are established through Granger causality tests: real-
estate rental Granger-causes equity REIT volatility (p < 0.01) lagged two months, and Bitcoin
realized volatility Granger-causes S&P 500 drawdowns (p < 0.05) within 24 hours(Li, Cui, &
Li, 2022). Partial correlation networks, when controlling for macroeconomic variables, identify
crypto-specific risks: 34% of Bitcoin liquidity shocks are caused by Tether (USDT) production

regardless of Federal Reserve rate changes.
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Cross-Asset Granger Causality Relationships
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Figure 3 Cross-asset Granger causality network (Source: Author's analysis, 2024)

Non-linear causal relationships, ascertained through convergent cross-mapping (CCM),

identify commercial real-estate vacancies (>8%) that increase crypto margin calls by 14—-18%

during liquidity shortages.

Table 2: Cross-Asset Granger Causality Results

Source Target Lag p- Causality
Variable Variable (Days) | value | Type
Bitcoin S&P 500 |1 0.032 | Short-term
Volatility Drawdowns spillover
Real-Estate | REIT 60 0.007 | Leading
Rental Volatility indicator
Yields

Tether Bitcoin 3 0.015 | Liquidity
(USDT) Liquidity channel
Issuance Shocks

Tech Equity | Ethereum 2 0.045 | Reverse
Returns Volatility correlation
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Commercial | Crypto 5 0.022 | Feedback
Vacancy Margin loop
Rate (>8%) | Calls

6.3 Dimensionality Reduction Techniques (PCA, t-SNE)

Principal Component Analysis (PCA) compresses 142 raw features into 18 principal
components accounting for 92% of variance in multi-domain data sets. PC1, 38% weighted by
equity fundamentals and 29% weighted by crypto liquidity indicators, captures systemic risk
in market-wide sell-offs. PC2 (22% variance) eliminates real-estate geospatial risks like flood
zone position and transit proximity. t-Distributed Stochastic Neighbor Embedding (t-SNE)
plots non-linear clusters and uncovers three disparate regimes of risk: low-volatility growth
(equities + property), crypto-turbulence, and macroeconomic stagflation(Li, Cui, & Li, 2022).
Feature importance on PCA finds overlapping variables: technical indicators (such as MACD)
capture <2% of the variance, and their omission from final models is therefore amply justified.
Sparse coding maps cross-domain features into a 4:1 compression ratio without substantial

information loss (reconstruction error < 5%).
7. Model Development and Implementation
7.1 Architecture Design for Multi-Input Neural Networks

Multi-input neural network architecture uses a transformer-based design with three separate
input branches of equities, cryptocurrencies, and real estate. All three branches take domain-
specific inputs: equity technicals and fundamentals through temporal convolutional layers,
crypto on-chain data through LSTM modules, and real-estate geospatial data through 2D
convolutional kernels. A cross-attention mechanism adapts inter-domain interactions, i.e., how
the hash rate of Bitcoin influences real-estate liquidity, with 24% higher feature relevance
scores than separate models(Jiang, Liang, & Li, 2022). Gradient vanishing is avoided by skip
connections, and a single output layer produces risk scores (0—100 range) for all asset classes.
The architecture has 12.8 million parameters, which are tuned for GPU parallelism to speed up

training by 37% over monolithic networks.

7.2 Hyperparameter Optimization (Bayesian Optimization, Grid Search)
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Hyperparameters are adjusted by Bayesian optimization from Gaussian processes by preferring
learning rate (le-3 to le-4), batch size (512-64), and attention heads (12—4). For crypto
volatility models, a cyclical learning rate scheduler decreases RMSE by 14% through its
reaction to regime changes in the market. Grid search identifies optimal dropout rates (0.3 for
crypto, 0.2 for equities) to facilitate bias-variance trade-offs. Transformer position embedding
dimension is fixed at 64, learning quarterly real estate cycles without overfitting. Early stopping
stops training when validation loss plateaus for 15 epochs, conserving 22% of

computation(Jiang, Liang, & Li, 2022).
7.3 Training Protocols: Handling Imbalanced and Sparse Data

Class imbalances are handled using focal loss, down-weighting over-sampled stable market
samples (80% of data) to put more focus on sparse black swan events. Synthetic minority
oversampling (SMOTE) creates synthetic crypto crash samples, adding 45% minority class
samples. Limited real-estate data is completed by variational autoencoders (VAEs), filling in
missing appraisals with 93% accuracy. Mixed-precision training (FP16) speeds up convergence
by 18%, and gradient clipping (max norm = 1.0) avoids divergence during times of crypto
volatility spikes. Regularization methods—L1 for feature selection and L2 for weight decay—

minimize overfitting by 29% in cross-validation(Choi et al., 2022).
7.4 Real-Time Risk Prediction: Latency and Scalability Considerations

The model is run with less than 50ms latency per prediction through TensorRT optimizations
such as layer fusion and kernel auto-tuning. Edge computing nodes preprocess geospatial real-
estate data, lowering cloud reliance and bandwidth usage by 40%. A horizontally scaled
microservices architecture processes 1,200 concurrent requests, with pods auto-scaled by
Kubernetes at market openings(Choi et al., 2022). Model quantization (INTS8) reduces weights
by 4x with 98% accuracy and allows deployment on real-time IoT devices for alerting. Latency
benchmark under load test captures 99th percentile response times of 68ms, exceeding high-

frequency trading requirements.
8. Results and Discussion
8.1 Empirical Findings: Predictive Accuracy Across Equities, Crypto, and Real-Estate

The A/ML model demonstrated strong predictive power across all classes of assets, with

RMSE decreases of 22% for equities, 31% for crypto assets, and 18% for real estate relative to
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standard models. For equities, the transformer network registered an R* score of 0.91 in
predicting 30-day volatility, outclassing GARCH (0.72) and ARIMA (0.65). In crypto
exchanges, the LSTM-GARCH model reduced Bitcoin's 99% VaR forecast error to 1.8% from
3.1%, while Ethereum volatility clustering was modeled at 89% accuracy(Wang et al., 2023).
Real-estate models achieved 85% accuracy in quarterly price falls using geospatial CNNs,
especially in flood-blighted areas where error rates fell to 4.2% from 9.7%. Cross-domain risk
spillovers were measured: a 10% tech stock fall exacerbated crypto volatility by 14% within
48 hours, while a 5% reduction in commercial property liquidity boosted equity drawdowns by
6%.

Al/ML Model Improvements Over Traditional Approaches

RMSE (%)
i

Equities Equities Crypto Crypto Real Estate Real Estate
GARCH Al/ML GARCH AlfML Regression Al/ML

Figure 4 Model performance improvement comparison (Source: Author's analysis, 2024)

8.2 Comparative Analysis: Traditional vs. AI/ML-Driven Risk Models

AI/ML models performed better than traditional methods consistently across 2018-2024
backtests. As an example, the hybrid LSTM-GARCH model lowered S&P 500 VaR
underestimation during the 2020 COVID-19 crash from 12% (GARCH) to 5%. In
cryptocurrency, transformer models forecasted the 2022 LUNA crash with 87% confidence 72
hours ahead of time, whereas conventional models sent no warnings. Real-estate Al models
detected the 2023 commercial real estate decline six months before hedonic pricing models,
allowing for anticipatory risk hedging. Multi-domain composite risk scores outperformed
siloed models with a 24% improvement in Sharpe ratio (1.42 vs. 1.15), indicating better risk-

adjusted returns(Wang et al., 2023).
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Table 3: Model Performance Comparison

Asset Model RMSE | R? VaR SHAP
Class Type (%) Score | Forecast | Interpretability
Error Score
(%)
Equities | GARCH 3.9 0.72 | 123 0.57
Equities | Transformer | 3 091 |4.8 0.81
(AI/ML)
Crypto | GARCH 6.7 0.68 | 11.1 0.49
Crypto | LSTM- 4.6 0.89 | 2.1 0.76
GARCH
(AI/ML)
Real Hedonic 2.2 0.71 |6.8 0.62
Estate | Regression
Real CNN- 1.8 085 |34 0.79
Estate Transformer

8.3 Interpretability of Risk Signals via SHAP and LIME

SHAP analysis identified crypto mining difficulty as the largest contributor (23%) to equity
volatility in energy price shocks, ahead of conventional drivers such as P/E ratios (15%). LIME
local explanations demonstrated that a 15% increase in Tether (USDT) issuance lowered
Bitcoin's 30-day VaR by 8% by providing stability to liquidity. Geospatial flood risk accounted
for 34% of price decrease predictions in coastal real estate markets, and increasing mortgage
rates accounted for 22%. Cross-asset SHAP interaction values revealed feedback loops:
increasing real-estate vacancies accounted for 9% of crypto sell pressure through margin call

cascades, a relationship missed by single-domain models.
8.4 Robustness Under Market Shocks and Black Swan Events

The model was resilient throughout catastrophic events, with prediction errors increasing by
only 12% in the 2023 U.S. banking crisis compared to 38% for classical models. Stress testing
based on a coincident 30% equity drop, 50% crypto liquidation, and 20% real-estate decline
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revealed estimates by the AI/ML model for CVaR were 9% away from realized losses, whereas
for Monte Carlo simulations, this was 27%. During the 2024 geopolitical energy crisis, the
model identified underlying relationships between oil prices and the profitability of crypto
miners, initiating anticipatory rebalancing that lowered portfolio drawdowns by 15%(Previati,
Cucculelli, & Frigo, 2024). Post-hoc analysis validated attention mechanisms in the

transformer architecture preferring macroeconomic regime changes, e.g., inflationary spikes,

which accounted for 63% of cross-domain risk reassignments.
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Figure 5 Prediction error comparison during market shocks (Source: Author's analysis, 2024)

9. Future Directions
9.1 Integration of Alternative Data Sources (ESG Metrics, IoT Sensors)

The multi-domain risk prediction future rests with the convergence of environmental, social,
and governance (ESG) metrics and loT-generated data. Carbon footprint and board diversity
indices can boost real-estate risk models by measuring climate transition risks, currently
representing 18—25% of uncertainties in commercial property valuation(Previati, Cucculelli, &
Frigo, 2024). Smart-building energy-use IoT sensors (such as HVAC usage patterns) can
predict real estate business risks of running operations 85-90% accurately from initial test runs.
Decentralized ESG ratings (derived from carbon-monitoring blockchain)-based ratings on

crypto exchanges would bring Bitcoin-mining activities into sustainability compliance with
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30-40% reduced regulatory risks. Satellite IoT tracking of global logistics flows (e.g., shipping
container journey) can complement equity risk models by anticipating supply chain
disruptions, with latency compressed to 12—-24 hours from existing 3—5-day lags(Zhao, Zhao,

Li, Zhang, & Wang, 2024).
9.2 Federated Learning for Decentralized Risk Prediction

Federated learning systems will disintermediate data silos and privacy issues by allowing
institutions to collaboratively train models without sharing raw data. For example, banks may
cooperatively train equity-crypto correlation models through encrypted gradient exchanges
without compromising on-the-trade proprietary strategy information while enhancing
predictive accuracy by 15-20%(Kaur, Sharma, & Dhir, 2023). In property, federated systems
combining regional appraisals across different agencies could close geospatial data gaps by
45% to enhance default prediction models. A few of the challenges are making heterogeneous
encryption standards consistent and avoiding communication overheads, which in turn
constrain scalability to 50-100 nodes. Homomorphic aggregation breakthroughs (e.g., secure
multi-party computation) seek to reduce latency by 35% for real-time risk updates across

decentralized finance (DeFi) platforms.
9.3 Quantum Machine Learning in High-Dimensional Risk Spaces

Quantum machine learning (QML) allows for exponential speedup of high-dimensional
optimization problems typical of multi-domain risk models. Portfolio VaR minimization can
be optimized 40—60x faster than conventional solvers using quantum annealing, demonstrated
in proof-of-concept experiments with 12-qubit systems. Variational quantum circuits (VQCs)
compute cross-asset correlation matrices of 1,000+ dimensions in hours rather than minutes of
computing time. Real-world usage is limited by current noise on quantum hardware (e.g.,
IBM's Eagle, 127 qubits), however, at error rates of > le-3 per gate application. Quantum
feature maps, in combination with classical neural networks, within hybrid quantum-classical
frameworks are being tested to forecast crypto volatility following macroeconomic shocks to

the tune of 12—-18% gain in simulation accuracy(Ferreira & Pinto, 2024).
10. Conclusion

10.1 Synthesis of Research Contributions
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The research here creates an extensible AI/ML framework for risk prediction across multi-
domains that includes equities, cryptocurrencies, and real estate under one umbrella. Most
notable innovations are hybrid LSTM-GARCH models to reduce volatility clustering by 31%
in terms of RMSE, transformer cross-attention-based mechanisms to enhance inter-asset
dependency modeling accuracy by 24%, and SHAP-driven explainability to measure risk
spillovers. Regulation compliance with Basel III and MiFID II for the framework makes it

regulatory feasible, and federated learning protocols keep data private.
10.2 Practical Implications for Financial Institutions and Investors

Financial institutions can use the framework to automate stress tests, cutting 22-29% capital
reserve errors under Basel III. Real-time risk measures for dynamic rebalancing advantage
portfolio managers, lifting Sharpe ratios by 1.3—1.5x via backtests. Geospatial CNNs used by
real-estate developers avoid climate risks and decrease insurance costs by 12—15%.
Explainable risk scores are provided to retail investors, averting crypto exposure during

liquidity crises.
10.3 Limitations and Recommendations for Future Work

Limitations are data sparsity in new real-estate markets (18% missing appraisals) and quantum
hardware limitations. Synthetic data generation with GANs for underrepresented
neighborhoods and hybrid quantum-classical training loops are suggested as future work.
Cross-industry collaboration is proposed to standardize federated learning protocols and ESG

data integration.
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