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Abstract:- The cryptocurrency market, characterized by
extreme volatility and complex dynamics, presents
significant challenges for accurate price prediction. This
study introduces a novel hybrid predictive model that
integrates Exponential Generalized Autoregressive
Conditional Heteroscedasticity (EGARCH) with Long
Short-Term Memory (LSTM) networks, augmented by
Explainable Al (XAl) techniques such as SHAP (SHapley
Additive exPlanations). The EGARCH model captures
statistical properties like volatility clustering and leverage
effects, while the LSTM component effectively models
nonlinear dependencies and long-term temporal patterns.
SHAP enhances interpretability by quantifying feature
contributions, offering actionable insights into the
decision-making process.

Using historical data from major cryptocurrencies
such as Bitcoin and Ethereum, the hybrid model
outperforms standalone EGARCH and LSTM models
across diverse market conditions, achieving up to 95%
accuracy. Visual analyses, including performance
comparisons and SHAP-based feature importance
graphs, provide clarity on prediction outcomes and error
patterns. By addressing limitations in both accuracy and
transparency, this research advances hybrid financial
modeling methodologies and offers practical tools for
traders, investors, and policymakers. These findings
enable data-driven decision-making and effective risk
management in highly volatile markets.

Keywords:- Hybrid Models, EGARCH, LSTM, Explainable Al
(XAl), SHAP.

I INTRODUCTION

The cryptocurrency market, a cornerstone of the
modern financial ecosystem, has transformed the landscape
of investment and trading. Unlike traditional financial assets,
cryptocurrencies operate in a decentralized environment, free
from regulatory oversight, leading to heightened volatility
and unpredictability. As global interest in digital assets
grows, the ability to predict cryptocurrency prices accurately
has become a critical challenge for researchers, traders, and
policymakers alike. The non-linear, non-stationary, and
highly dynamic nature of cryptocurrency markets demands
sophisticated predictive models capable of capturing their
intricate patterns. Traditional methods for financial time
series forecasting, such as Generalized Autoregressive
Conditional Heteroscedasticity (GARCH) models and their
variants, have been extensively applied to model volatility
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clustering and leverage effects (Vidal & Kristjanpoller,
2022). Among these, the Exponential GARCH (EGARCH)
model stands out for its ability to address asymmetric
volatility (Springer, 2023). However, despite its statistical
rigor, EGARCH struggles to capture the non-linear and
temporal dependencies characteristic of cryptocurrency price
movements. On the other hand, deep learning techniques,
particularly Long Short-Term Memory (LSTM) networks,
have demonstrated exceptional capability in uncovering
complex patterns and long-term dependencies in sequential
data (Goodfellow et al., 2016). Yet, LSTMs often lack the
statistical foundations required for robust volatility modeling,
resulting in gaps when applied to financial time series.

Recognizing the limitations of standalone approaches,
hybrid models have emerged as a promising solution. Recent
studies combining GARCH with neural networks have
demonstrated improved accuracy in volatility forecasting
(MDPI, 2022; Garcia-Medina & Aguayo-Moreno, 2023).
Similarly, a 2023 study highlighted the potential of
integrating  EGARCH parameters into LSTM models,
achieving significant improvements in  forecasting
cryptocurrency price volatility (Springer, 2023). By
leveraging the complementary strengths of EGARCH and
LSTM, hybrid approaches provide a robust framework for
handling both volatility and nonlinear temporal dependencies
(Zhang et al., 2021). However, while these models achieve
greater accuracy, they often lack transparency, limiting their
practical usability in high-stakes environments.

Explainable Al (XAI) techniques address this gap by
providing insights into the decision-making process of
predictive models. Recent works have explored the
integration of XAl with financial forecasting models to
enhance interpretability and usability (Arsenault et al., 2024).
For instance, Misheva & Osterrieder (2023) proposed
domain-driven XAl methods to align machine learning
models with the needs of financial practitioners. Similarly,
SHAP (SHapley Additive exPlanations) has emerged as a
widely adopted tool for quantifying feature contributions and
generating intuitive visual explanations for model predictions
(SHAP Documentation, 2023).

This research introduces a novel hybrid model
integrating EGARCH and LSTM networks to address the
unique challenges of cryptocurrency price prediction. The
EGARCH component captures statistical features such as
volatility clustering and leverage effects, while the LSTM
component models non-linear patterns and temporal
dependencies. Unlike previous studies,  which often
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prioritize  predictive accuracy at the expense of
interpretability, this research incorporates SHAP-based XAl
techniques to enhance transparency and usability. By
enabling users to understand the contributions of individual
features—from EGARCH’s statistical outputs to LSTM’s
sequential dependencies—the hybrid model not only predicts
cryptocurrency prices but also provides actionable insights.

The significance of this study lies in its dual contribution
to theory and practice. Theoretically, it advances the field of
hybrid financial modeling by demonstrating the synergistic
potential of EGARCH and LSTM networks, augmented with
XAl. Practically, it offers traders, investors, and
policymakers a powerful tool for navigating the complexities
of the cryptocurrency market. By enabling accurate and
interpretable cryptocurrency price forecasts, this research
supports the development of automated trading systems,
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robust risk management frameworks, and enhanced market
stability.

» The Objectives of this Study are as Follows:

e Todevelop and validate a hybrid EGARCH-LSTM model
for cryptocurrency price prediction.

e To integrate XAl techniques, such as SHAP, to enhance
the model’s interpretability.

e To evaluate the model’s performance against benchmark
models across diverse cryptocurrencies and market
conditions.

e To provide actionable insights for stakeholders,
highlighting the practical implications of the hybrid
model in trading, investment, and policy formulation.

1. SUPPORTING VISUALS

A. Enhanced Hybrid Model Diagram

Historical Data

EGARCH
Feature Extraction

LsTM
Modeling

SHAP
Explainability

This diagram illustrates the hybrid EGARCH-LSTM
model. Historical cryptocurrency price data is processed
through EGARCH for extracting statistical features such as
conditional variances and leverage effects. These features are
combined with raw sequential data as inputs to the LSTM

B. Correlation Heatmap

Fig 1: Conceptual Framework of the Hybrid EGARCH-LSTM Model

network, which models nonlinear temporal dependencies.
Explainable Al (XAl) techniques like SHAP ensure
interpretability by quantifying feature contributions, offering
actionable insights for traders and investors.
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Fig 2: Correlation Between Key Features Used in the Model

NISRT24DEC1137

WWW.ijisrt.com 732


http://www.ijisrt.com/

Volume 9, Issue 12, December — 2024 International Journal of Innovative Science and Research Technology
ISSN No:-2456-2165

This heatmap highlights the relationships between moderate correlation (0.6), indicating complementary
features such as volatility, price trends, and market sentiment. contributions to predictions. Understanding these correlations
For example, ‘Volatility’ and ‘Market Sentiment’ exhibit a aids in feature selection and model refinement.

C. Feature Importance for Cryptocurrencies
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Fig 3: SHAP-Based Feature Importance for Bitcoin and Ethereum Predictions
This visual demonstrates the contribution of key adaptability underscores the model’s ability to generalize
features to the hybrid model’s predictions. For Bitcoin, across cryptocurrencies while accounting for asset-specific
“Volatility (EGARCH)’ has the highest importance, while dynamics.

‘Price Trends’ play a larger role in Ethereum forecasts. This

D. Enhanced Performance Comparison
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Fig 4: Predictive Accuracy of EGARCH, LSTM, and the Hybrid Model
This bar chart compares the performance of standalone This result validates the integration of statistical and machine
EGARCH, standalone LSTM, and the hybrid EGARCH- learning techniques for cryptocurrency forecasting.

LSTM model. The hybrid model achieves superior accuracy
(95%), with lower variability (+1%) across testing scenarios.
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E. Error Analysis Chart
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Fig 5: Prediction Errors Over Time for Bitcoin and Ethereum

This line chart visualizes prediction errors over time,
highlighting periods of high error corresponding to extreme
market volatility. These insights reveal areas for model
refinement and demonstrate the inherent challenges of
forecasting in volatile markets.

I1. LITERATURE REVIEW

The cryptocurrency market has emerged as a significant
domain within modern finance, characterized by its high
volatility and decentralized nature. Accurate price prediction
in such markets is inherently challenging due to the complex
interplay of nonlinear, non-stationary, and stochastic patterns.
This literature review explores the key methodologies
developed for cryptocurrency price prediction, focusing on
statistical models, machine learning techniques, hybrid
approaches, and the integration of Explainable Al (XAl). The
review identifies critical gaps in the existing research and
positions the proposed hybrid EGARCH-LSTM model with
XAl as a solution.

A. Existing Methods for Price Prediction

» Traditional Statistical Models

Statistical models have long been utilized for financial
time series forecasting, with Generalized Autoregressive
Conditional Heteroscedasticity (GARCH) and its variants
being among the most prominent. Studies like Vidal and
Kristjanpoller (2022) demonstrate the utility of GARCH-
based models in modeling Bitcoin’s volatility. The
Exponential GARCH (EGARCH) model, in particular,
effectively captures volatility clustering and leverage effects
(Garcia-Medina & Aguayo-Moreno, 2023). However, these
models struggle to address nonlinear and long-term
dependencies, limiting their application in highly volatile
markets like cryptocurrencies.
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» Machine Learning Approaches

With advancements in computational power, machine
learning (ML) methods have gained traction in financial
forecasting. Recurrent Neural Networks (RNNs), particularly
Long Short-Term Memory (LSTM) networks, excel at
modeling nonlinear temporal dependencies in sequential data
(Goodfellow et al.,, 2016). Applications of LSTM to
cryptocurrency markets have shown superior performance
during periods of extreme market fluctuations (IEEE, 2021).
However, standalone ML models often lack the statistical
rigor necessary for capturing volatility, a critical aspect of
financial time series data.

B. Hybrid Models

Hybrid models that combine statistical and machine
learning techniques leverage the complementary strengths of
both approaches. For instance, LSTM-GARCH hybrids have
demonstrated improved accuracy by integrating GARCH’s
statistical insights with LSTM’s ability to model nonlinear
patterns (MDPI, 2022). Similarly, Zhang et al. (2021)
proposed a hybrid GARCH-LSTM model, achieving
significant improvements in forecasting accuracy and
robustness. Recent studies, such as Garcia-Medina and
Aguayo-Moreno (2023), emphasize the potential of hybrid
models in cryptocurrency markets. However, existing hybrid
frameworks often prioritize predictive accuracy at the
expense of interpretability, limiting their usability in
decision- making scenarios.

C. Explainable Al in Financial Modeling

Explainable Al (XAl) has gained prominence in
financial modeling due to the growing need for transparency
in predictive systems. Techniques like SHAP (SHapley
Additive exPlanations) allow for intuitive explanations by
guantifying the contributions of individual features to model
predictions. Studies like Misheva and Osterrieder (2023)
advocate for domain-driven XAl methods tailored to
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financial practitioners, highlighting their importance in high-
stakes environments. Zhang et al. (2024) introduced
ShapTime, a general XAl framework for time series
forecasting, which demonstrates the versatility of SHAP in
explaining model predictions across diverse datasets.

However, few studies integrate XAl with hybrid
frameworks like GARCH-LSTM models, leaving a
significant gap in practical applicability.

D. Research Gaps and Challenges

» While Existing Literature Provides Valuable Insights,
Several Critical Gaps Remain:

e Lack of Interpretability in Hybrid Models: Most
hybrid models prioritize accuracy over transparency,
making them less practical for financial stakeholders who
require actionable insights.

e Limited Robustness Across Cryptocurrencies: Studies
often focus on a single cryptocurrency, such as Bitcoin,
without evaluating the model’s adaptability across diverse
assets like Ethereum.

o Scalability Issues: Few works address the computational
challenges of hybrid models, particularly for real-time
applications in high-frequency trading.

e Visual Analytics: The use of visual tools to enhance the
interpretability and usability of hybrid models remains
underexplored.

E. Contributions of this Study

This research addresses the identified gaps by proposing
a hybrid EGARCH-LSTM model augmented with SHAP-
based XAl. Unlike previous studies, such as Garcia-Medina
and Aguayo- Moreno (2023), which focus primarily on
prediction accuracy, this study emphasizes both performance
and transparency. By integrating SHAP, this model provides
actionable insights into feature contributions, enabling
stakeholders to understand the underlying drivers of
predictions. Additionally, the model’s adaptability is
evaluated across multiple cryptocurrencies, including Bitcoin
and Ethereum, ensuring robustness in diverse market
conditions. Supporting visuals, such as feature importance
graphs and correlation heatmaps, further enhance
interpretability and practical usability. These contributions
position the proposed hybrid model as a novel framework for
advancing cryptocurrency price forecasting.

V. METHODOLOGY

A. Data Collection

The dataset for this study consists of historical
cryptocurrency price data, trading volumes, and market
sentiment indicators. Data was collected from reliable
financial platforms such as CoinMarketCap and Yahoo
Finance. The study focuses on two major cryptocurrencies:
Bitcoin and Ethereum, selected for their market dominance
and liquidity. The dataset spans a three-year period (2020 to
2023), with a daily frequency, ensuring sufficient granularity
for modeling both short-term and long-term trends.
Supplementary macroeconomic indicators, such as interest
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rates and inflation trends, were included to capture broader
market influences. Sentiment scores were derived from social
media and news sentiment analyses using natural language
processing (NLP) techniques, consistent with methodologies
outlined by Zhang et al. (2024).

B. Data Preprocessing

> Data Preprocessing was Conducted in Three Stages:

e Data Cleaning:

v’ Missing values were imputed using forward-fill methods
to maintain continuous time-series consistency.

v' Qutliers were identified and removed using statistical
thresholds (e.g., z-scores > 3).

e Normalization:

v" All numeric variables were scaled to a [0, 1] range to
ensure uniformity and improve model convergence.

e Feature Engineering:

v Volatility Features: The EGARCH model was used to
extract conditional variances and residuals, capturing
volatility clustering and leverage effects as suggested by
Garcia-Medina and Aguayo-Moreno (2023).

v' Lagged Features: Lagged price and volume features
were generated to incorporate short- term dependencies.

v" Market Sentiment: Sentiment scores were derived from
NLP-based sentiment analysis, following approaches
outlined by Misheva and Osterrieder (2023).

C. Model Development
The hybrid model combines the EGARCH and LSTM
frameworks to leverage their complementary strengths.

» EGARCH Component:

e The EGARCH model was applied to extract volatility-
related features, such as conditional variances and
residuals. These features encapsulate statistical properties
like volatility clustering and asymmetric impacts of price
movements.

» LSTM Component:

An LSTM network was designed to model non-linear
dependencies and temporal patterns. The architecture
consisted of:

e Input Layer: Receiving both raw price data and
EGARCH-derived features.

e Two Hidden Layers: Comprising 64 and 32 units with
ReLU activation.

e Dropout Layers: Added between hidden layers to
prevent overfitting (dropout rate: 20%).

e Output Layer: Producing the predicted price.
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The model was trained using the Adam optimizer with
a learning rate of 0.001 and a mean squared error (MSE) loss
function.

» Integration:

e The EGARCH-derived features were concatenated with
the raw input data and fed into the LSTM model, creating
a unified framework capable of handling both volatility
and temporal dependencies, as demonstrated by Vidal and
Kristjanpoller (2022).

D. Explainable Al (XAl) Integration

Explainable Al was incorporated using SHAP (SHapley
Additive exPlanations) to interpret the model’s predictions.
SHAP values were computed for each feature to:

e Quantify the contribution of EGARCH-derived volatility
features and LSTM-processed inputs to individual
predictions.

e Provide global feature importance rankings and local
explanations for specific predictions. Visualizations, such
as SHAP summary plots and force plots, were generated
to present insights in an intuitive and actionable manner,
consistent with the practices highlighted by Zhang et al.
(2024).

E. Performance Evaluation

» The Hybrid Model’s Performance was Evaluated using
the Following Metrics:

e Mean Absolute Error (MAE):. Measuring average
prediction errors.

e Root Mean Squared Error (RMSE): Penalizing large
errors more heavily.

e R-squared (R?): Assessing the proportion of variance
explained by the model.

e Mean Absolute Percentage Error (MAPE): Providing a
normalized measure of prediction error. The model’s
accuracy was benchmarked against standalone EGARCH
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and LSTM models, as well as other hybrid approaches,
under identical data and conditions, as demonstrated in
Garcia-Medina and Aguayo-Moreno (2023).

F. Experimental Design
> Validation Strategy:

e The dataset was split into training (80%), validation
(10%), and test (10%) sets.

e Five-fold cross-validation was employed to ensure
robustness and mitigate overfitting.

» Robustness Testing:

e The hybrid model’s performance was evaluated across
varying market conditions (e.g., bullish, bearish, and
volatile periods).

e The model was tested on different cryptocurrencies,
including smaller market-cap coins, to assess
generalizability, consistent with methodologies outlined
by MDPI (2022).

» Computational Setup:

e The models were implemented using Python libraries such
as TensorFlow, Keras, and Statsmodels.

e Training was conducted on GPU-accelerated machines to
optimize runtime efficiency.

V. RESULTS AND DISCUSSION

A. Performance of the Hybrid EGARCH-LSTM Model

The hybrid EGARCH-LSTM model was evaluated on
historical price data for Bitcoin and Ethereum, demonstrating
significant improvements in predictive accuracy compared to
standalone models. Table 1 summarizes the performance
metrics across three model configurations: standalone
EGARCH, standalone LSTM, and the hybrid EGARCH-
LSTM.

Table 1: Performance Metrics

Model MAE RMSE R?
EGARCH 0.045 0.073 0.72

LSTM 0.038 0.066 0.80

Hybrid EGARCH- LSTM 0.025 0.053 0.91

The hybrid model outperformed both standalone
models, achieving a 29% improvement in MAE and a 20%
improvement in RMSE compared to the LSTM model. The
R2 value of 0.91 indicates a high degree of explained variance,
highlighting the model’s robustness. These results align with
findings by Garcia-Medina and Aguayo-Moreno (2023),
further validating the integration of EGARCH features into
deep learning frameworks.
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B. Feature Contributions and Interpretability

Explainable Al (XAl) techniques, specifically SHAP
(SHapley Additive exPlanations), were applied to interpret
the hybrid model’s predictions. SHAP summary plots
revealed that:

e Volatility (EGARCH) contributed significantly to price
predictions for both Bitcoin and Ethereum, especially
during high-volatility periods.

e Price Trends were the dominant feature for Ethereum,
whereas Bitcoin showed a balanced reliance on both
volatility and market sentiment.
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e Lagged Features had a moderate influence, capturing
short-term dependencies in price movements.

Figure 3 illustrates the SHAP summary plot for Bitcoin
predictions, showing the relative importance of each feature.
The SHAP force plot (Figure 4) further demonstrates how
individual features contributed to a specific prediction,
providing transparency into the decision-making process.
These results highlight the interpretability advantage of the
proposed framework, consistent with insights from Zhang et
al. (2024).

C. Robustness Across Market Conditions

» The Hybrid Model’s Robustness was Evaluated Under
Varying Market Conditions:

e Bullish Markets: The model maintained high accuracy,
with Rz values consistently above 0.90.

e Bearish Markets: Slightly higher prediction errors were
observed, attributed to sudden market shocks.

e High-Volatility Periods: The EGARCH component’s
ability to capture volatility clustering ensured stable
performance, mitigating the impact of extreme
fluctuations.

These results demonstrate the model’s adaptability
across diverse market scenarios, making it a reliable tool for
traders and policymakers. The robustness testing
methodology aligns with practices outlined by MDPI (2022)
and Garcia-Medina et al. (2023).

D. Comparison with Existing Models

The hybrid model was benchmarked against recent
hybrid approaches, including LSTM-GARCH frameworks
from Springer (2023) and MDPI (2022). Key findings
include:

v' The hybrid EGARCH-LSTM achieved a 10% lower
RMSE compared to LSTM-GARCH models, highlighting
the enhanced synergy between EGARCH’s statistical
features and LSTM’s deep learning capabilities.

v' The integration of XAl provided a unique advantage,
offering interpretability absent in most existing models, as
noted by Misheva and Osterrieder (2023).

E. Implications for Practice

» The Results Hold Significant Practical Implications:

e For Traders and Investors:

v The model’s high accuracy and interpretability provide
actionable insights for market entry and exit strategies.

v SHAP visualizations enable users to understand how key
features like volatility and sentiment impact predictions.
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e For Financial Institutions:

v' The hybrid model can enhance risk management
frameworks, supporting portfolio optimization and
derivative pricing.

e For Policymakers:

v’ By providing insights into market dynamics, the model
aids in developing regulatory frameworks to stabilize
cryptocurrency markets.

F. Limitations and Future Work

» Despite its Strengths, the Hybrid EGARCH-LSTM Model
has Certain Limitations:

e Data Quality Dependence: The model’s performance is
highly sensitive to the quality of input data, including the
accuracy of market sentiment scores.

e Computational Complexity: The hybrid framework
requires significant computational resources, particularly
for training on large datasets.

e Black Swan Events: Sudden, unpredictable market
events remain a challenge, highlighting the need for
additional external factors in the model.

» Future Directions

e Incorporating real-time data streams for enhanced
responsiveness.

e Exploring alternative deep learning architectures, such as
Transformer models, to improve scalability and
performance.

e Expanding the model’s application to smaller-cap
cryptocurrencies and other financial assets, addressing
gaps identified in Misheva and Osterrieder (2023).

VI. CONCLUSION

This study introduces a novel hybrid model that
integrates  Exponential ~ Generalized  Autoregressive
Conditional Heteroscedasticity (EGARCH) with Long Short-
Term Memory (LSTM) networks, enhanced by Explainable
Al (XAl) techniques such as SHAP (SHapley Additive
exPlanations). By combining statistical precision with deep
learning’s ability to model nonlinear patterns and temporal
dependencies, this hybrid framework provides a robust and
interpretable solution for cryptocurrency price prediction.
The hybrid EGARCH-LSTM model effectively combines
statistical volatility modeling with sequential deep learning
capabilities, achieving superior predictive accuracy. It
outperformed  standalone EGARCH and LSTM
configurations, with an R? value of 0.91 and significant
reductions in MAE and RMSE, as validated against
benchmarks (e.g., Garcia-Medina et al., 2023). Leveraging
SHAP, the model provides actionable insights into feature
contributions, addressing a critical gap in existing models.
Key drivers such as volatility (EGARCH) and price trends
(LSTM) are quantified, empowering stakeholders with
transparent, data-driven predictions. Consistent performance
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across bullish, bearish, and volatile markets underscores the
model’s adaptability and reliability for real-world
applications, aligning with findings from MDPI (2022) and
Misheva & Osterrieder (2023). The model offers practical
tools for optimizing trading strategies, enhancing portfolio
management, and supporting policy formulation to stabilize
cryptocurrency markets. Despite its strengths, this study
acknowledges the following limitations: The model’s
performance is sensitive to the quality and granularity of
input data, including market sentiment scores. The hybrid
framework requires significant computational resources,
posing challenges for real-time applications. Sudden,
unpredictable market events (e.g., black swan events) remain
a challenge, warranting further exploration.

Building on these findings, future research could
explore integrating real-time data streams to enhance the
model’s responsiveness and applicability in live trading
scenarios. Experimenting with advanced deep learning
architectures, such as Transformers, to improve scalability
and capture more intricate patterns. Extending the model to
smaller cryptocurrencies, other asset classes, and cross-
market analysis to assess generalizability. Including
blockchain-specific metrics, macroeconomic indicators, and
social sentiment trends to improve predictive performance
and robustness further.
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