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Abstract

Bitcoin’s extreme price volatility presents significant challenges for investors and traders,
necessitating accurate predictive models to guide decision-making in cryptocurrency mar-
kets. This study compares the performance of machine learning approaches for Bitcoin
price prediction, specifically examining XGBoost gradient boosting, Long Short-Term Mem-
ory (LSTM), and GARCH-DL neural networks using comprehensive market data spanning
December 2013 to May 2025. We employed extensive feature engineering incorporating
technical indicators, applied multiple machine and deep learning models configurations
including standalone and ensemble approaches, and utilized cross-validation techniques
to assess model robustness. Based on the empirical results, the most significant practical
implication is that traders and financial institutions should adopt a dual-model approach,
deploying XGBoost for directional trading strategies and utilizing LSTM models for applica-
tions requiring precise magnitude predictions, due to their superior continuous forecasting
performance. This research demonstrates that traditional technical indicators, particularly
market capitalization and price extremes, remain highly predictive in algorithmic trading
contexts, validating their continued integration into modern cryptocurrency prediction
systems. For risk management applications, the attention-based LSTM’s superior risk-
adjusted returns, combined with enhanced interpretability, make it particularly valuable for
institutional portfolio optimization and regulatory compliance requirements. The findings
suggest that ensemble methods offer balanced performance across multiple evaluation
criteria, providing a robust foundation for production trading systems where consistent
performance is more valuable than optimization for single metrics. These results enable
practitioners to make evidence-based decisions about model selection based on their spe-
cific trading objectives, whether focused on directional accuracy for signal generation or
precision of magnitude for risk assessment and portfolio management.

Keywords: BTC price prediction; hybrid models; investors” decision-making; efficient
trading strategies

1. Introduction

The application of machine learning techniques to Bitcoin price prediction has gained
considerable attention due to the cryptocurrency’s high volatility and potential for signifi-
cant financial returns (Omole and Enke 2024). Recent comparative studies have demon-
strated that deep learning models, particularly Long Short-Term Memory (LSTM) networks,
exhibit superior performance compared to traditional time series models, such as ARIMA,
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in capturing the non-linear and non-stationary nature of cryptocurrency data (Bouteska
et al. 2024; Chen et al. 2024). However, empirical findings regarding the superiority of deep
learning approaches remain mixed, with some studies reporting that ensemble tree-based
methods, such as XGBoost, consistently outperform neural networks for tabular financial
data prediction tasks (Hafid et al. 2024; Ranjan et al. 2023; Zhu et al. 2023).

Feature selection has emerged as a critical component for improving model perfor-
mance, with studies showing that methods such as Boruta, genetic algorithms, and Light
Gradient Boosting Machine can significantly enhance prediction accuracy by addressing
the curse of dimensionality inherent in high-dimensional financial datasets. The integration
of on-chain blockchain data alongside traditional price features has shown promise for
improving Bitcoin price predictions, with research indicating that transaction volumes, net-
work hash rates, and market capitalization provide valuable predictive signals (Kjeerland
et al. 2018; Visharad et al. 2025). Advanced hybrid architectures combining convolutional
neural networks with LSTM models have demonstrated exceptional performance, with
some studies reporting accuracy rates exceeding 82% for directional price prediction tasks
(Livieris et al. 2021; Omole and Enke 2024).

Ensemble learning approaches that combine multiple algorithms have shown partic-
ular promise, with research indicating that stacking models can outperform individual
predictors by leveraging the complementary strengths of different algorithms (Ji et al.
2019; Ye et al. 2022). Recent developments in 2024 have introduced transformer-based
architectures and attention mechanisms for cryptocurrency forecasting, with the Helformer
model demonstrating improved performance by integrating Holt-Winters exponential
smoothing with deep learning components (Lee 2024). The practical application of these
models through algorithmic trading strategies has shown substantial potential returns,
with some studies reporting annual returns exceeding 6000% when using deep learning-
guided trading approaches (Omole and Enke 2024). Despite these advances, the field
continues to face challenges related to model stability, overfitting, and the inherent unpre-
dictability of cryptocurrency markets, highlighting the need for robust validation frame-
works and risk management strategies in practical implementations (Mudassir et al. 2020;
Park and Seo 2022).

Some researchers claim that the best deep learning models for Bitcoin price prediction
are the Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) models (Ker-
vanci et al. 2024). Both architectures capture temporal patterns and long-term dependencies
within the sequential Bitcoin price data, showcasing remarkable predictive capabilities.
Their performance was highlighted by high R-squared scores, indicating their effectiveness
in forecasting Bitcoin prices, despite their computational intensity potentially limiting
real-time deployment. The research findings suggest that the Random Forest model demon-
strated near-perfect accuracy in predicting Bitcoin prices, outperforming other models
such as GRU and Support Vector Machine (SVM), which also showed strong predictive
capabilities. This highlights the effectiveness of ensemble learning approaches in capturing
complex patterns in cryptocurrency price data. The study highlights the strengths and
limitations of various models, demonstrating that deep learning architectures, such as
LSTM and GRU, are particularly adept at modelling long-term dependencies and capturing
intricate temporal patterns within Bitcoin price fluctuations, thereby providing valuable
insights into their applicability in the cryptocurrency market. Dutta et al. (2020) identified
the GRU model with recurrent dropout as the best-performing deep learning model for
Bitcoin price prediction. It outperforms popular existing models when evaluated using
root mean squared error (RMSE) (Dutta et al. 2020). The research highlights the significance
of robust feature engineering. It compares various advanced machine learning methods,
demonstrating that the GRU model, when combined with simple trading strategies, can
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yield financial gains in cryptocurrency trading. The study investigates a framework that
employs advanced machine learning methods, specifically focusing on the GRU model,
which incorporates recurrent dropout to enhance performance in predicting daily Bitcoin
prices. The study found that the GRU model with recurrent dropout outperforms popular
existing models in predicting daily Bitcoin prices, as evidenced by lower root mean squared
error (RMSE) values in their experimental results. The research also indicates that imple-
menting simple trading strategies alongside the proposed GRU model, with appropriate
learning, can result in financial gains.

These results are supported by Seabe et al. (2023). In their study, the best deep machine
learning model for predicting the Bitcoin price is the Bi-Directional LSTM (Bi-LSTM). It
outperformed other models, specifically the LSTM and GRU models, with a Mean Absolute
Percentage Error (MAPE) of 0.036 for BTC. The research indicates that Bi-LSTM provides the
most accurate predictions among the tested algorithms, making it the preferred choice for
forecasting Bitcoin prices. The experimental results suggest that the proposed prediction
models are effective in predicting cryptocurrency prices, offering valuable insights for
investors and traders. Furthermore, they suggest that future research should investigate
additional factors influencing cryptocurrency prices, such as social media activity and
trading volumes. Alizadegan et al. (2024) utilize four powerful machine learning algorithms
for forecasting Bitcoin prices: Light Gradient Boosting Machine (Light Gradient Boosting
Machine (LightGBM)), LSTM, Bi-LSTM, and XGBoost. The best deep learning models for
Bitcoin price prediction identified in the research are the LSTM and the Bi-LSTM models.
These models, which are types of recurrent neural networks (RNNs), excel at capturing long-
term dependencies in time series data, making them particularly effective for forecasting
Bitcoin prices. The study highlights their predictive performance compared to traditional
methods, demonstrating their potential to enhance decision-making in cryptocurrency
trading and investment strategies (Alizadegan et al. 2024). The authors focus on evaluating
the predictive performance of these algorithms using Mean Absolute Error (MAE) and
RMSE as the evaluation metrics, highlighting their effectiveness in enhancing the accuracy
of Bitcoin price predictions compared to traditional methods. The study’s results highlight
the importance of employing advanced machine learning techniques in forecasting financial
time series, demonstrating the potential for enhanced decision-making in cryptocurrency
trading and investment strategies.

Wang et al. (2024) present a research paper that introduces a hybrid deep learning
model combining LSTM and GRU networks for predicting Bitcoin prices. This model
employs data decomposition via the CEEMDAN approach and feature selection using
a Random Forest model to enhance prediction accuracy. The empirical results indicate
that this hybrid method outperforms benchmark models and achieves higher returns
on investment in simulated trading, making it a strong candidate for predicting Bitcoin
prices (Wang et al. 2024). The proposed hybrid deep learning model, which integrates
feature selection through the Complete Ensemble Empirical Mode Decomposition with
Adaptive Noise (CEEMDAN) approach and utilizes a Random Forest model for predictor
importance measurement, demonstrates superior performance in predicting Bitcoin prices
compared to benchmark models, as verified by the MCS test. The hybrid method not
only enhances the accuracy of Bitcoin price predictions but also yields significantly higher
returns on investment in simulated trading scenarios compared to other benchmark models,
providing valuable insights for investors. Lee (2024) identified two advanced attention-
based deep learning models for Bitcoin price prediction: the Attention-LSTM and the
Attention-GRU. The Attention-GRU model is noted for its computational efficiency, making
it suitable for real-time applications, while the Attention-LSTM model excels in capturing
long-term dependencies. Both models integrate moving average technical indicators,
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particularly MACD, which significantly enhances prediction accuracy. These findings
provide valuable insights for cryptocurrency traders and investors seeking practical tools
for forecasting Bitcoin price movements. The study concludes that integrating moving
average technical indicators, particularly the MACD, with attention-based deep learning
models significantly enhances the accuracy of Bitcoin price movement predictions, allowing
for better classification of market trends into uptrend, downtrend, and neutral categories.
The Attention-GRU model was identified as more computationally efficient for real-time
applications. In contrast, the Attention-LSTM model was noted for its superior ability to
capture long-term dependencies in the data, providing valuable insights for cryptocurrency
traders and investors.

Simsek Ttirker et al. (2025) found that the XGBoost algorithm outperformed all other
models in forecasting the price of Bitcoin, as indicated by consistently higher performance
metrics across various statistical measures, including RMSE, MAE, MAPE, and coefficient
of determination (R?). Following XGBoost, the hybrid model combining Convolutional
Neural Network (CNN) and Bi-LSTM (CNN-BiLSTM) showed the next best performance,
followed by the CNN and LSTM models. In contrast, the Support Vector Regression
(SVR) model exhibited the least favorable performance in predicting Bitcoin prices. The
study identifies the best deep learning models for Bitcoin price prediction as the hybrid
model combining a CNN and a BiLSTM model, followed by the CNN and LSTM models
(Simsek Ttirker et al. 2025). These models demonstrated advantageous results in forecasting
Bitcoin prices, with the CNN-BiLSTM model showing extreme performance. However, the
XGBoost algorithm outperformed all deep learning models overall in terms of predictive
accuracy. Bourday et al. (2024) found that the transformer with the XGBoost model
significantly outperformed baseline models in predicting Bitcoin prices, achieving a MAE
of 0.011 and RMSE of 0.018, indicating its effectiveness in managing the complexities
of the cryptocurrency market (Bourday et al. 2024). The research highlights the first
exploration of transformer-based architectures for feature extraction in financial market
predictions, demonstrating that advanced deep learning techniques can provide substantial
improvements over traditional forecasting methods, thereby offering valuable insights
for investors in the cryptocurrency markets. The study highlights the effectiveness of
advanced deep learning techniques in managing the complexities of the cryptocurrency
market, providing significant improvements over traditional forecasting methods.

On the other hand, the application of Generalized Autoregressive Conditional Het-
eroskedasticity (GARCH) models to cryptocurrency data remains a cornerstone method-
ological approach, with comprehensive comparative studies of twelve different GARCH
specifications applied to seven major cryptocurrencies establishing that various GARCH-
type models effectively capture volatility dynamics (Chu et al. 2017). Recent empirical
research demonstrates that ARIMA-GARCH combined models consistently outperform
simple ARIMA specifications, with EGARCH variants showing effectiveness in capturing
asymmetric volatility patterns (Phung Duy et al. 2024; Yildirim and Bekun 2023).

Feature importance analysis in machine learning applications reveals that technical
indicators, particularly Bollinger Bands, exponential moving averages, and market capi-
talization metrics, contribute most significantly to Bitcoin price prediction accuracy. This
finding suggests that traditional technical analysis indicators maintain relevance in algo-
rithmic trading contexts, with moving averages and volatility bands providing the most
predictive power in ensemble models (Visharad et al. 2025).

2. Methodology

This research employs a progressive complexity methodology to systematically eval-
uate cryptocurrency price prediction capabilities across three distinct machine learning
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paradigms: ensemble tree-based methods (XGBoost), recurrent neural networks (LSTM),
and econometric-deep learning hybrids (GARCH-DL). Utilizing comprehensive Bitcoin
market data from December 2013 through May 2025, this study implements extensive
feature engineering protocols encompassing technical indicators, market microstructure
variables, and regime detection measures. The methodological framework progresses
from standalone model implementations through advanced ensemble configurations, with
performance validation conducted via time-series cross-validation techniques designed to
preserve temporal dependencies and ensure out-of-sample robustness.

Altogether, the research methodology is based on the systematic application of the
Knowledge Discovery in Databases (KDD) framework to cryptocurrency price forecasting
(Figure 1), progressing through increasingly sophisticated methodological implementations
that collectively advance the field from fundamental technical analysis to theoretically
grounded hybrid econometric and machine learning systems further disclosed in the Sec-
tion 3. Claude Al was employed to support manuscript preparation by integrating content,
helping to consolidate disparate experimental results into unified summary statements,
and enhancing the articulation of complex methodological frameworks.

SELECTION
Data and Target Definition
Data Sources Target Variables
= Bitcoin OHLCV time series (2013-2025) » Continuous price prediction
= Market cap and volume data » Directional trend classification
= Mulii-year temporal scope = Volatility modelling
- Quality criteria validation - Multi-step forecasting
PREPROCESSING

Data Quality and Validation
Data Cleaning
- Format standardization
= Missing value treatment

= Qutlier detection (IQR method)
= Temporal alignment

TRANSFORMATION

Feature Engineering
Progressive Complexity
= Level 1: 8 basic features
- Lavel 2 50+ advanced features

= Level 3: GARCH integration
= Level 4: 100+ automated features.

DATA MINING

Algorithm Application
Model Architectures
= Simple LSTM {educational baseline)}

= Enhanced LSTM with attention
= GARCH-LSTM hybrid models
= Optimized X GBoost with Boruta

INTERPRETATION

Evaluation and Validation
Performance Metrics
- Statistical: MAE, RMSE, R, MAPE

= Financial: Sharpe ratio, drawdown
- Directional accuracy testing
= Cross-validation robusiness

Statistical Validation
+ Normality testing (Jarque-Bera)
» Stationarity tests (ADF, PP}
» Autocorrelation (Ljung-Box)
» Heteroskedasticity analysis

Feature Categories

= Technical indicators (SMA, RS1, MACD)
« Volatility features (BB, ATR)

+ Volume analysis [VINAP)

+ Regime detection and patterns

Training_Strategies

« Time series cross-validation
-B ian hyperp pti
+ Early stopping mechanisms

« Monte Carlo uncertainty

Statistical Validation

- Residual analysis and nomality
« Prediction interval coverage

« Model stability assessment

+ Feature importance ranking

Methodological Progression: From Educational to Production-Ready Systems

Standalone LSTM Enhanced LSTM

& Fealures 50+ Fealures

GARCH-Deep Learning Enhanced XGBoost

Hybrid Approach 100+ Features
tric In

Figure 1. Research methodology based on KDD framework. Source: Own elaboration.
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To ensure unbiased evaluation, we implemented strict temporal train—test splits with
training data ending 31 December 2023, and testing beginning 1 January 2024. All five
models—XGBoost, Simple LSTM, Enhanced LSTM with Attention, Ensemble, and GARCH-
DL hybrid—are evaluated exclusively on in-sample and out-of-sample data using identical
temporal splits to enable fair comparison and model development.

First, we applied one of the most popular algorithms for time series data prediction
(as well as for classification) using machine learning, XGBoost (Chen and Guestrin 2016).
XGBoost is a framework based on gradient boosting. The main idea of XGBoost is to
continuously add new weak models (regression trees) with different weights. For a dataset
of n examples with m features, D = {(x;, y;)} (|D|=n, x; € R™,y; € R), an ensemble
model composed of trees uses K additive functions to predict the output value as follows:

0i=¢(x) =Y oy filxi) fi € F (1)

where F = f(x) = wyy (Q:R™ — T,w € RT), the space of regression trees represents
the structure of each tree, and T is the number of leaves in the tree. Each f; represents
an independent tree with structure g and leaf weights w. Each regression tree contains a
continuous value in each of its leaves, which we denote with w;. For each example, we
use the rules from the trees (g) to calculate a prediction by summing up the values of the
corresponding leaves in which they fall (w). To learn these K functions, we minimize the
following objective function:

L(¢) =Y 10 vi) + Y Q(fi), 2

Of) = 1T+ LAl o] ®)

I represents a differentiable loss function that measures the difference, and the second term
is used for regularization, preventing excessive model complexity and overfitting of the
model to the test data. The parameters control the strength of regularization 7y and A. Since
direct optimization of the model described above is not possible, the model is trained in an

®
1
strive to optimize the following objective function:

additive manner. Let ;" ’ be the prediction for the i-th instance at the f-th iteration, then we

LO =Y 1y fixn)) + Q) @

i.e.,, we try to add this f;, which best optimizes the objective function. We use a second-order
Taylor expansion to approximate the above objective function as follows:

L0 = o [y, 970 + gifi (i) + SifP )] + Q(f)
= Xity |8ift(xi) + %hiftz(xi)} +9T+ AL w? ®)
=Y (Zi el; gi)wj +3 (Zi er i+ )\) w]z] +1T,

where g = ay(t,l)l(yi, yAl(til)), h = 3;(t,1>l(yi, ﬁftil)) a I] = {l ‘ q(xi) = ]} is the set of
examples that fall into leaf j. For a tree structure q(x), we can compute the optimal weight
w; of a leaf by

Yier 8i

L LU 6
4 Yiephi+A ©)
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As well as the optimal value of the objective function:

L(t)( )N _1 T (Zl Eljgi>2 n T (7)

The optimal value for a configuration q can be used as a function for evaluating its
quality. Since it is not possible to compute all possible structures q, XGBoost uses the
objective function also for determining the quality of potential newly added branches

during the iterative construction of trees, by subtracting the value of the original leaf from
the sum of the values of the newly constructed leaves as follows:

1 (ZieILgi)2 n (Zielei)z (Eielgi)z

Lopiit = = - 8
L] b e Sl o T S Sy P ®)

where [} and I are the sets of terminal values for the left and right leaves after adding a
new branch I = I} U IR?

The easiest way to find the best split is to examine all possible options for each feature.
In practice, this approach is not always optimal, especially when the model is trained on
large datasets with features that take many different values. For this reason, the creators
of XGBoost propose an algorithm that suggests roughly the best split points based on
percentiles of a specific feature, and the quality of the resulting subdivisions is measured
using aggregated statistics. Besides the regularization term already mentioned, XGBoost
uses two more techniques to prevent overfitting. The first is called shrinkage, where the
new weights added by the trees at each step are scaled by a factor, like the learning rate
used in neural network training. The creators also introduce feature subsampling, which
involves training each tree on a subset of all available features.

The enhanced XGBoost model implements a gradient boosting framework that it-
eratively constructs an ensemble of decision trees to minimize the regularized objective
function L(p) = ZI(yi, §i) + 20(fk), where the loss function employs squared error for
regression tasks and the regularization term Q(fk) = 4T + %AZwj? prevents overfitting
through leaf count penalization and L2 weight regularization.

The predictive model generates forecasts through an additive ensemble i = Zfk(xi)
where each tree function fk contributes to the final prediction via the gradient boosting
update rule §i(t) = §i(t — 1) + 5ft(xi), with learning rate n controlling the contribution
magnitude of successive trees.

Feature engineering incorporates 100+ technical indicators, including RSI calculated
as RSI =100 — 100/(1 + RS) where RS represents the ratio of average gains to average
losses, MACD computed as MACD = EMA12(P) — EMA26(P), and Bollinger Band position
BBposition = (P — BBlower)/(BBupper — BBlower) to capture momentum, trend, and volatility
characteristics essential for cryptocurrency price dynamics.

The Boruta feature selection algorithm employs Random Forest importance measures
1(Xj) = (1/B)ZXp(t)At(Xj) and was applied to identify statistically significant predictors by
comparing real feature importance against shadow feature distributions through Z-score
computation Zj = (I(Xj) — max(Ishadow))/o(Ishadow) (see full detailed mathematical formulas
in Appendix A, Table Al).

Hyperparameter optimization utilizes Tree-structured Parzen Estimator (TPE) sam-
pling within the Optuna framework, modeling the objective function through conditional
probability distributions p(0 | y) o [(f) for promising configurations and maximizing the
acquisition function EI(6) = [(y — y)p(y | 8)dy to guide efficient parameter space exploration.
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Time series cross-validation maintains temporal integrity through sequential train-
validation splits, computing performance metrics including R?, RMSE, and directional
accuracy (DA) to assess both statistical accuracy and practical trading relevance (see full
detailed mathematical formulas in Appendix A, Table Al).

Next, the standalone LSTM model was implemented via deep recurrent neural net-
work architecture designed to capture temporal dependencies in cryptocurrency price
sequences through sophisticated memory mechanisms. The core LSTM cell processes se-
quential input through three gating mechanisms: the forget gate f; controlling information
retention from previous states, the input gate i; regulating new information incorporation,
and the output gate 0; determining information flow to subsequent layers.

The cell state evolution follows C; = f; - C;_1 + i¢ - tanh(Wc[hs—1, x¢] + bc) where
element-wise multiplication enables selective memory retention and updating, while the
hidden state li; = o; - tanh(C;) provides the processed temporal representation for predic-
tion tasks.

Sequential data preparation employs sliding window methodology, constructing input
sequences X0 = {pi, pis1, ---, PirL—1} With corresponding targets y(i) = pit+1, Where
L =30 represents the lookback window capturing monthly price patterns. Feature vectors
incorporate multi-dimensional market information price data (open, high, low, close),
volume, and technical indicators like RSI, MACD, and Bollinger Band position, normalized
(the vector mathematical representation available in in Appendix A, Table A1) through

X—Xmin

Min-Max scaling Xpormalized = , ensuring stable gradient propagation.

Xmax ~Xmin

Following which, the two-layer LSTM architecture was added in order to imple-
ment hgz) = LSTM® (hgl), h@l, C t(i)l) with hidden dimensionality of 64 units per layer,

followed by batch normalization § = y(x — ug)// (0 + €) + B and fully connected lay-
ers with ReLU activation for nonlinear transformation. Regularization through dropout
haropout = % with probability p = 0.3 prevents overfitting, while gradient clipping
¢ = min(|g|, max_norm) - é—‘ with max_norm = 0.5 ensures training stability.

Training optimization was added and utilized an AdamW optimizer implementing

041 = 0 — - iy — aAB;, where adaptive moment estimation with weight decay

X
A = 0.01 pro\(z?gees robust parameter updates. The learning rate scheduler applies
Onew = Xo1d * Y With reduction factor v = 0.5 upon validation loss plateaus, while early
stopping monitors validation performance with patience = 30 epochs to prevent overfit-
ting. Multi-step ahead forecasting employs iterative prediction v, x = frstm (Vesk—_Litk—1)
where previous predictions serve as inputs for subsequent forecasts, enabling extended
temporal extrapolation essential for practical trading applications.

Performance evaluation encompasses standard regression metrics, including R? (math-
ematically elaborated in in Appendix A, Table A1) for explained variance quantification,
RMSE (mathematically elaborated in in Appendix A, Table A1) for prediction accuracy
assessment, and MAPE (mathematically elaborated in in Appendix A, Table A1) for per-
centage error evaluation, providing comprehensive model validation suitable for financial
forecasting applications.

The enhanced LSTM architecture incorporates a sophisticated attention mechanism that
computes weighted representations of temporal sequences through o; = softmax(W; - hy + b,),
where attention weights dynamically focus on relevant time steps, followed by attended
output computation ¢ = }; a1y providing comprehensive temporal context beyond tradi-
tional final hidden state approaches.

The multi-layer architecture implements residual connections x3*

= X» + x1 when
dimensional compatibility allows, enhancing gradient flow and model expressiveness

through skip connections analogous to ResNet architectures. The final prediction employs
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§ = tanh (W3 - x5* + b3) with hyperbolic tangent activation ensuring prediction stability
and bounded outputs suitable for financial forecasting applications.
Advanced technical feature engineering encompasses 30+ indicators including Stochas-
tic Oscillator %K; = 100 x _L14 Average True Range (ATR) TRy = max(H; — L,
t
|Ht — C¢—1], |Lt — C4—1]), and Volurne Weighted Average Price VWAP; = let’”i“PVV

i=t—n+1
capturing momentum, volatility, and liquidity dynamics essential for comprehensive mar-

ket analysis.

Uncertainty quantification employed Monte Carlo dropout methodology where in-
ference maintains activated dropout layers, generating S = 100 stochastic predictions
y(As) = fistm(X; 6, dropout enabled) enabling confidence interval estimation through
Clys\o, = {percentilez5 (y(fis)) , percentiley; (y(fis)) , providing probabilistic forecasting
capabilities crucial for risk assessment in trading applications.

Multi-step ahead prediction was added to implement iterative forecasting y,"y =
f(Yrk—L:t+k—1), with dynamic technical indicator updates including RSI approximation
RSI;4q = clip(RSIt + 0.1 % (P4 — Pr), 0, 100) maintaining feature consistency across
extended prediction horizons while accounting for indicator dependencies.

Enhanced training protocols were incorporated with learning rate scheduling apew =
%old X 0.5 upon validation loss plateaus, gradient clipping gciipped = min(|g|, 0.5) - ‘g‘
preventing gradient explosion and sophisticated early stopping with patience = 25 epochs
ensuring optimal generalization without overfitting.

Financial performance evaluation was extended beyond statistical metrics to include
directional accuracy DA = ﬁz;;ll I(sign(AP;) = sign(Ay)), Sharpe ratio of predictions

_ [ Pred] . _ . ( CumReturn; —RunningMax;,
Sharpe, .4 = (o) X /252 and maximum drawdown MaxDD = mtm( RunningMax, )/

were 1mp1emented for providing comprehensive assessment of trading viability and

risk characteristics.

Time series cross-validation maintains temporal integrity through Train!) = ={L2,...,n;},
Vall) = ={n;+1,...,n;41} ensuring realistic performance estimation while preventing data
leakage, with aggregated metrics CVy2 = %Z{-‘Zl R? was added providing robust model
validation essential for financial forecasting applications.

The GARCH-Deep Learning hybrid framework integrates traditional econometric
volatility modeling with modern neural network architectures through a sophisticated
dual-branch design. The foundation employs GARCH(1,1) volatility specification o%; = 2 +
wye?i_1 + B10%i—1 where conditional volatility o; captures time-varying heteroskedasticity
inherent in cryptocurrency markets, with distributional flexibility accommodating normal,
Student-t, or skewed-t error distributions ¢ = ¢;z; ensuring robust volatility parameter
estimation across varying market conditions.

The neural architecture implements (see Appendix A, Table A1 for detailed mathemat-
ical ellaboration) a dual-branch LSTM design where GARCH-derived volatility features
enhance temporal sequence modeling through h2ttended — MultiHead (hmain, pmain - jmain)
utilizing multi-head attention mechanisms. The volatility branch f vol  — Wy -
Dropout(ReLU (Wyyp - ha%ended)) specializes in volatility-related pattern extraction, while
the price branch fPi® = Wi ice, - Dropout(ReLU (Wpyicer - htended))  focuses on price
dynamics, culminating in combined prediction ¥y = Wiina1 - ReLU ( Wiysion - [0} fPHic€]).

Enhanced feature engineering incorporated GARCH-based volatility percentiles

Vol_Percentile, = Rank(ctin é;zt’m’“”g‘} ), regime detection Vol_Regime, = I(o; > G3p),

and risk metrics including Value-at-Risk VaRgs\o,; = 0t X ®~1(0.05), where ®~! rep-
resents the inverse normal cumulative distribution function, providing comprehensive
volatility-based features essential for cryptocurrency risk modeling.
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Multi-step ahead forecasting employs iterative GARCH volatility updates o2, | ;
= OYion 2a1 + B1)' + (&1 + B1)n ‘0?4111, enabling dynamic volatility forecasting,
while prediction uncertainty quantification utilizes GARCH-based confidence intervals
VaRgs\,; = 0t X ®~1(0.05) providing probabilistic forecasting capabilities crucial for
trading risk assessment.

The hybrid training optimization employs joint loss minimization Liota1 = Lprice +
Avol Lvolatility + Areg Lregularization, Where price prediction loss addresses forecasting accuracy,
G]?L ’

oGARCH _ ensures coherence between

volatility consistency 10ss Lyolatility = %ZtT:l (
econometric and neural volatility estimates, and regularization prevents overfitting in the
high-dimensional parameter space.

Model validation encompasses traditional forecasting metrics complemented
by volatility-specific evaluation including realized volatility comparison
MSE, = 1y.] ; (ofealized — Gforeca“)z and VaR backtesting through Kupiec likelihood
oaN(1—a)T N

NG

cryptocurrency market applications.

ratio tests LR = —2In { ] , ensuring robust risk model validation essential for

The architecture supports multiple neural configurations including pure LSTM, GRU,
and hybrid LSTM-GRU implementations #MPrid = [pLSTM; jGRU] with fusion through
multi-layer perceptrons, enabling comprehensive evaluation of deep learning architectures
while maintaining GARCH-based volatility enhancement across all configurations.

The methodological framework adopts distinct variable configurations across model
architectures to capture different aspects of cryptocurrency price dynamics as shown in
Table 1. The dependent variable consistently represents future Bitcoin closing prices y_{t+1},
enabling direct comparison of predictive performance across methodologies.

Table 1. Comprehensive Variable Summary.

Dependent Independent

Model Type Variable(s) Variables Input Shape
. (n_samples,
XGBoost close_price_{t+1} = Current features only ~100 features)
LSTM close_price_{t+1} 30-day sequence, (n_samples, 30, 8)

8 features/day

30-day sequence,

Enhanced LSTM close_price_{t+1} (n_samples, 30, 30)

30 features/day
R close_price_{t+1} 30-day sequence,
GARCH-DL volatility_{t+1} 35 features/day (n_samples, 30, 35)

Source: Own estimations.

Independent variable structures vary systematically by model complexity and
temporal scope. The XGBoost implementation utilizes current-state features X; =
[price;, volume;, technical_indicators;, regime,] comprising approximately 100 cross-sectional
variables including OHLCV data, technical indicators (RSI, MACD, Bollinger Bands),
lagged price features, and market regime indicators.

As can be observed in Table 1, the LSTM architectures employ temporal sequences
X_{t-L+1:t}, where L = 30 represents the lookback window, with each time step containing
8-30 features depending on model complexity. The standalone LSTM incorporates basic
price-volume—-technical indicator combinations, while the enhanced LSTM expands to 30+
features per time step including advanced technical indicators, candlestick patterns, and
rolling statistical measures.
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What is more, the GARCH-Deep Learning hybrid implements a dual-target frame-
work predicting both price_{t+1} and volatility_{t+1}, utilizing enhanced feature sequences
that integrate GARCH-derived volatility measures, regime detection indicators, and risk
metrics alongside standard price-volume features.

Variable construction maintains strict temporal integrity through progressive feature
calculation, ensuring no future information leakage. Cross-sectional models (XGBoost)
leverage instantaneous relationships between current market conditions and future prices,
while sequential models (LSTM variants) exploit temporal dependencies through recurrent
processing of historical patterns. The hybrid approach combines econometric volatility
modeling with neural temporal pattern recognition, creating a comprehensive feature space
spanning both cross-sectional and time-series dimensions. This variable framework enables
systematic comparison of different information processing paradigms while maintaining
consistent prediction targets across all model architectures.

The comparative evaluation framework is motivated by ensemble learning theory
demonstrating that stacking models can outperform individual predictors by leverag-
ing complementary algorithmic strengths (Ji et al. 2019; Ye et al. 2022). This theoretical
foundation supports the multi-model comparison approach rather than relying on single
algorithmic implementations. The integration of GARCH specifications within the hybrid
framework addresses the documented effectiveness of various GARCH-type models in cap-
turing asymmetric volatility patterns, with EGARCH variants showing particular promise
for cryptocurrency applications (Phung Duy et al. 2024; Yildirim and Bekun 2023). The
comprehensive validation approach addresses documented challenges related to model
stability, overfitting, and inherent cryptocurrency market unpredictability, implementing
robust frameworks essential for practical implementations (Mudassir et al. 2020; Park and
Seo 2022).

The methodological progression employed in this study reflects a structured evolution
of forecasting models, aligned with increasing feature complexity and domain-specific
sophistication. The initial phase utilizes a standalone Long Short-Term Memory (LSTM)
architecture, leveraging a minimal feature set (n = 8) to establish a foundational benchmark
within an educational context. This is followed by an enhanced LSTM model incorporating
over 50 engineered features, integrating advanced technical indicators to improve temporal
pattern recognition. The third stage introduces a hybrid GARCH-Deep learning framework,
combining econometric volatility modeling with deep neural architectures to capture
regime-dependent dynamics. Finally, the progression culminates in an optimized Extreme
Gradient Boosting (XGBoost) model, utilizing over 100 automated features and Bayesian
hyperparameter tuning to achieve robust, high-performance forecasting under complex
market conditions.

The methodological approach (Figure 1) is grounded in established theoretical foun-
dations from cryptocurrency prediction literature. The progressive complexity framework
employed addresses the documented inconsistency in empirical findings, where deep learn-
ing models demonstrate superior performance in capturing non-linear and non-stationary
cryptocurrency dynamics compared to traditional time series models like ARIMA (Bouteska
et al. 2024; Chen et al. 2024), while ensemble tree-based methods such as XGBoost consis-
tently outperform neural networks for tabular financial data prediction tasks (Hafid et al.
2024; Simsek Ttrker et al. 2025).

Phase 1: Selection and Data Definition

The multi-year temporal scope (2013-2025) is theoretically justified by the need to cap-
ture various market regimes and volatility patterns inherent in cryptocurrency markets. The
inclusion of on-chain blockchain data alongside traditional OHLCV metrics is motivated by
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empirical evidence that transaction volumes, network hash rates, and market capitalization
provide valuable predictive signals (Kjeerland et al. 2018; Visharad et al. 2025).

Phase 2: Preprocessing and Data Quality Validation

Data preprocessing involves systematic cleaning procedures including format stan-
dardization across all data sources, comprehensive missing value treatment protocols,
outlier detection using the Interquartile Range (IQR) method, and temporal alignment to
ensure consistency across different data streams.

Statistical validation encompasses rigorous testing protocols including normality
assessment via the Jarque-Bera test, stationarity evaluation through Augmented Dickey-
Fuller (ADF) and Phillips-Perron (PP) tests, autocorrelation analysis using the Ljung-Box
test, and heteroskedasticity examination to identify variance instability patterns.

Phase 3: Transformation and Feature Engineering

The progressive complexity framework is theoretically grounded in feature selection
literature demonstrating that methods such as Boruta (BB) and genetic algorithms signifi-
cantly enhance prediction accuracy by addressing the curse of dimensionality (Visharad
et al. 2025). The integration of technical indicators is justified by feature importance
analysis revealing that Bollinger Bands (BB), exponential moving averages, and market
capitalization metrics contribute most significantly to Bitcoin price prediction accuracy,
suggesting that traditional technical analysis indicators maintain relevance in algorithmic
trading contexts.

Phase 4: Data Mining and Algorithm Application

The multi-architectural approach addresses conflicting empirical evidence regarding
model superiority. The inclusion of LSTM networks is motivated by research demonstrating
their effectiveness in capturing temporal patterns and long-term dependencies (Kervanci
et al. 2024; Seabe et al. 2023), with Bi-LSTM variants showing particular promise (Alizade-
gan et al. 2024). The GARCH-LSTM hybrid implementation is theoretically grounded in the
established effectiveness of GARCH models as a cornerstone methodology for capturing
volatility dynamics in cryptocurrency data (Chu et al. 2017).

The XGBoost implementation addresses empirical findings showing consistent out-
performance of ensemble tree-based methods over neural networks for tabular financial
prediction tasks. The integration of attention mechanisms reflects recent theoretical devel-
opments demonstrating improved performance through transformer-based architectures
(Lee 2024). The enhanced XGBoost model with over 100 automated features and Boruta-
based optimization, representing the state-of-the-art in ensemble learning approaches for
tabular financial data prediction.

Phase 5: Interpretation and Model Validation

The comprehensive evaluation framework addresses critical theoretical concerns re-
garding model reliability and practical applicability in cryptocurrency prediction. The
multi-metric validation approach is theoretically motivated by documented challenges
related to model stability, overfitting, and the inherent unpredictability of cryptocur-
rency markets, necessitating robust validation frameworks for practical implementations
(Mudassir et al. 2020; Park and Seo 2022).

We consider that such progressive framework enables systematic evaluation of al-
gorithmic evolution from foundational deep learning approaches through sophisticated
hybrid methodologies, culminating in automated optimization techniques suitable for
practical deployment in cryptocurrency trading applications.
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3. Materials and Methods

This study utilized historical Bitcoin price data from December 2013 to May 2025,
which was pre-processed to handle missing values and outliers using IQR-based clip-
ping. Technical indicators—including SMA, RSI, MACD, Bollinger Band position, and
volatility—were engineered to enhance the feature set for forecasting. This study em-
ploys a multi-model, hybrid forecasting architecture for cryptocurrency price prediction,
incorporating advanced econometric modeling, ensemble machine learning, and deep
learning frameworks based on contemporary state-of-the-art pipeline code structures. The
framework is executed via Jupyter notebooks in a Linux Docker environment. The method-
ological progression is structured across four stages: (1) gradient boosting via XGBoost,
(2) univariate LSTM modeling, (3) enhanced multivariate attention-based LSTM, and (4) a
GARCH-Deep Learning hybrid model, based on LSTM and GRU deep neural networks,
that jointly could capture volatility dynamics and nonlinear temporal dependencies. Data
sequences of 30-day windows were constructed and normalized for training custom sim-
ple and enhanced LSTM neural networks implemented in PyTorch (Stable release 2.8.0).
Hyperparameters such as batch size, learning rate, and number of epochs were optimized
manually, and early stopping was applied to prevent overfitting. The XGBoost model was
also trained in parallel for ensemble comparison, as was the case with the attention-based
LSTM and the GARCH-DL. The models” performance was evaluated using MAE, RMSE,
R?, MAPE, directional accuracy, and Sharpe Ratio.

The multi-architectural approach is theoretically motivated by evidence that hybrid
models combining different algorithmic strengths yield superior performance. Wang et al.
(2024) demonstrated that hybrid LSTM-GRU models with CEEMDAN decomposition out-
perform benchmark models, while Simsek Tiirker et al. (2025) showed that CNN-BiLSTM
hybrids achieve exceptional forecasting accuracy, second only to XGBoost implementations.
The evolution from simple 8-feature LSTM models to comprehensive 100+ feature XGBoost
implementations with automated Boruta selection exemplifies the transformation phase’s
critical role in extracting meaningful patterns from raw financial time series data, while the
integration of GARCH volatility modeling with attention-enhanced neural networks repre-
sents a novel contribution to the data mining phase that bridges traditional econometric
theory with modern deep learning paradigms. The preprocessing phase incorporates rigor-
ous statistical validation protocols, including normality, stationarity, and autocorrelation
testing, to ensure data quality and model validity. This addresses fundamental assump-
tions often overlooked in conventional machine learning applications for financial markets.
The interpretation phase extends beyond conventional performance metrics to encompass
comprehensive statistical validation through residual analysis, prediction interval coverage,
and directional accuracy testing, providing formal hypothesis testing frameworks that
establish statistical significance of discovered patterns. Furthermore, the implementation
of time-series cross-validation with Bayesian hyperparameter optimization via Optuna
represents a methodologically rigorous approach to model selection that prevents temporal
data leakage while ensuring optimal predictive performance.

Bitcoin price prediction analysis was conducted using historical OHLC (Open, High,
Low, Close) data spanning December 2013 to May 2025, comprising of dataset with 4190
daily observations. The dataset included the following essential features: timeOpen,
timeClose, timeHigh, timeLow, open, high, low, close prices, trading volume, market
capitalization, and timestamps. Data preprocessing involved handling missing values,
price normalization, and temporal feature engineering to create technical indicators suitable
for machine learning algorithms.
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Technical indicators were derived from the raw OHLC data, including exponential
moving averages (ema_12), simple moving averages (sma_14), Bollinger Bands (bb_upper),
price channels (lower_channel, upper_channel), and lagged price features (close_lag_2,
high, low). Market capitalization and volume metrics were incorporated as fundamental
indicators. The feature importance analysis revealed market capitalization and low price
as the most predictive variables for Bitcoin price movements. The feature engineering
methodologies employed across the cryptocurrency forecasting frameworks demonstrate a
progressive evolution from basic technical analysis to sophisticated econometric machine
learning integration, reflecting the advancement of computational finance research over
the past decade. The minimalist approach utilizing eight fundamental indicators (moving
averages, RSI, MACD) establishes a baseline that prioritizes computational efficiency and in-
terpretability, while the comprehensive framework expands to over 50 engineered features
encompassing multi-timeframe analysis, candlestick pattern recognition, and advanced
volatility measures to capture complex market microstructure effects. The hybrid GARCH-
deep learning model represents the methodological frontier by incorporating conditional
volatility estimates, regime detection mechanisms, and theoretically grounded risk metrics
such as Value-at-Risk calculations, thereby bridging traditional econometric modeling with
modern machine learning paradigms. This hierarchical feature engineering progression
reveals a fundamental trade-off between model interpretability and predictive sophistica-
tion, where increased feature complexity enables more nuanced market pattern recognition
at the cost of computational overhead and potential overfitting risks. The integration of
econometric volatility modeling with neural network architectures in the hybrid approach
constitutes a significant methodological contribution that addresses the heteroskedasticity
and volatility clustering inherent in cryptocurrency markets, establishing a new paradigm
for theoretically informed machine learning applications in financial forecasting.

One machine learning approach was implemented and compared, namely XGBoost
(Extreme Gradient Boosting) on Figure 2, a tree-based ensemble method optimized for
tabular data, specifically designed for sequential time series prediction.

The XGBoost-based framework (Figure 2) for cryptocurrency price prediction empha-
sizes statistical validation, automated optimization, and production-ready implementation
over traditional ad hoc modelling approaches. The structure incorporates comprehensive
feature engineering encompassing over 100 technical indicators across multiple timeframes,
coupled with Boruta-based statistical feature selection to ensure optimal variable selection
without manual intervention or domain expertise bias. A significant methodological con-
tribution lies in the integration of Bayesian hyperparameter optimization using Optuna,
which systematically explores the parameter space while employing time-series cross-
validation to prevent data leakage and ensure temporal validity of model performance
estimates. The framework implements extensive statistical testing protocols for both raw
data characteristics and model residuals, including normality assessments, stationarity
tests, autocorrelation detection, and heteroskedasticity analysis, thereby providing formal
statistical validation that is often absent in machine learning applications. The multi-version
compatibility architecture addresses practical deployment challenges by implementing
fallback mechanisms for different XGBoost versions, ensuring robustness across diverse
computational environments while maintaining optimal performance through early stop-
ping and tracking of evaluation metrics.
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Figure 2. The applied XGBoost model structure. Source: Own elaboration.

The second model consists of a deep machine architecture with a two-layer straightfor-
ward LSTM (Figure 3 and Table 2) configuration with minimal technical feature engineering,
utilizing only eight fundamental indicators including moving averages, RSI, and MACD
to capture essential price dynamics without the complexity of advanced econometric
integration with batch normalization and ReLU activation.
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Batch NormalizationJ

Figure 3. The applied Simple stand-alone LSTM model architecture. Source: Own elaboration.

Table 2. Simple stand-alone LSTM gate’s function and purpose.

Gate Function Purpose
Forget fr = o(Welhi_1, x¢] + by) Remove irrelevant past information
Input it = o(Wjlhi_1, x¢] + b;) Select new information to store
Output ot = 0(Wolh¢_1, x¢] + bo) Control information flow to output
Hidden State h; = opxtanh(Cy)

Source: Own estimations.

Where

— 1
T 14

o Wy W, Wc, W, are weight matrices.

e 0 is the sigmoid function: o(x)

e b iz b;, bc, b, are bias vectors.
e x denotes element-wise multiplication.

This architecture deliberately omits sophisticated components such as attention mech-
anisms, volatility modelling, or uncertainty quantification in favor of transparency and
educational accessibility, making it suitable for introductory applications and baseline
comparisons. While this simplified approach sacrifices the theoretical rigor and predictive
sophistication of hybrid econometric-machine learning frameworks, it provides compu-
tational efficiency and clear interpretability that facilitate understanding of core LSTM
principles in financial forecasting applications. The evaluation framework focuses exclu-
sively on standard regression metrics, eschewing finance-specific performance measures
in favour of straightforward model assessment that emphasizes fundamental predictive
accuracy over trading-oriented optimization. This streamlined implementation serves as
an important methodological foundation that demonstrates the essential components of
deep learning-based cryptocurrency forecasting while maintaining the simplicity necessary
for educational purposes and rapid prototyping applications.

Due to the insufficient XGD Boost and LSTM models’” performance (see Table 1) the
enhanced attention-based LSTM model (Figure 4) was elaborated end executed via a
pipeline code in the Linux Docker environment.
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Figure 4. The applied attention-based LSTM model structure. Source: Own estimation.

The proposed enhanced LSTM architecture incorporates attention mechanisms, with
detailed explanations of all the colors and arrows available in Appendix B, residual connec-
tions, and advanced regularization techniques to capture complex temporal dependencies
in financial time series data while mitigating overfitting and vanishing gradient problems.
A key methodological contribution lies in the extensive feature engineering pipeline, which
transforms raw OHLCV data into over 50 technical indicators spanning momentum, volatil-
ity, trend analysis, and market microstructure variables, thereby providing the model with
rich contextual information for pattern recognition. The evaluation framework extends
beyond conventional machine learning metrics to include finance-specific measures, such
as directional accuracy, Sharpe ratio, and maximum drawdown, offering a more compre-
hensive assessment of practical trading performance. Furthermore, the implementation
of Monte Carlo simulation for uncertainty quantification provides probabilistic forecasts
with confidence intervals, addressing the inherent stochasticity in financial markets and
enabling more informed risk management decisions. The time-aware cross-validation
methodology ensures robust model validation while preventing data leakage, a critical
consideration often overlooked in financial time series applications. These methodological
advances collectively contribute to a more reliable and practically applicable framework
for cryptocurrency price forecasting that bridges the gap between academic research and
real-world financial applications.

What is more, considering the abovementioned advanced volatility dynamics that
GARCH models could provide especially regarding fat-tailed data distributions, which is
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the present case, a hybrid GARCH-Deep Learning model (Figure 5) was developed and
executed once again via pipeline in the Linux Docker environment.
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a ™
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Figure 5. The applied Hybrid GARCH-Deep Learning model structure (GARCH-DL). Source:
Own elaboration.

The proposed methodology employs a dual-branch neural network architecture that
processes price dynamics and volatility signals through specialized pathways, enabling
explicit modeling of the distinct statistical properties inherent in financial time series while
leveraging GARCH-derived conditional volatility as informed features. A significant
methodological contribution lies in the integration of theoretically grounded uncertainty
quantification, where GARCH volatility forecasts are utilized to construct probabilistic
confidence intervals around deep learning predictions, bridging the gap between econo-
metric rigor and machine learning flexibility. The framework incorporates sophisticated
market regime detection mechanisms and risk metrics including Value-at-Risk calculations,
enhancing its practical applicability for portfolio optimization and risk management in
volatile cryptocurrency markets. The comprehensive evaluation methodology encompasses
both econometric diagnostics for GARCH model validation and finance-specific perfor-
mance metrics, ensuring statistical robustness while maintaining practical relevance for
quantitative trading applications. Furthermore, the ability to generate multi-step forecasts
with volatility-informed uncertainty bands represents a substantial advancement over
traditional approaches that treat volatility as exogenous, providing practitioners with more
reliable risk assessment tools. These methodological innovations collectively establish a
theoretically principled yet practically viable framework for cryptocurrency forecasting that
leverages the complementary strengths of econometric volatility modelling and modern
deep learning techniques.

All models were trained using identical feature sets with early stopping mechanisms to
prevent overfitting. The XGBoost model employed Bayesian hyperparameter optimization
via Optuna across nine key parameters with 5-fold Time Series Split cross-validation, incor-
porating automated Boruta feature selection and Robus tScaler normalization to ensure
temporal integrity and optimal performance. The standalone LSTM baseline utilized a
simple 2-layer architecture with 64 hidden units, trained over 200 epochs using Adam
optimization with early stopping (patience = 30) and gradient clipping, processing 30-day
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sequences of 8 basic technical indicators scaled via a Min Max Scaler. The enhanced
attention-based LSTM incorporated multi-head attention mechanisms with dual-branch
processing for price and volatility signals, trained on 50+ technical features using resid-
ual connections, batch normalization, and learning rate scheduling over 150-200 epochs
with advanced regularization techniques. The GARCH-Deep Learning hybrid model
employed a two-stage training process: first fitting GARCH models via maximum likeli-
hood estimation with diagnostic validation, then training enhanced LSTM networks on
GARCH-derived conditional volatility features combined with technical indicators us-
ing Monte Carlo simulation for uncertainty quantification. All models maintained strict
temporal ordering through time-aware data splitting for 80/10/10 train/val/test ratio
for GARCH-DL Hybrid and 80/20 train/test ratios for the other 3 models; implemented
early stopping mechanisms to prevent overfitting; and employed comprehensive statistical
validation including residual analysis and prediction interval coverage testing to ensure
model reliability and generalizability.

Model performance was assessed using comprehensive regression and classification
metrics, including Mean Absolute Error (MAE), Root Mean Square Error (RMSE), coefficient
of determination (R?), Mean Absolute Percentage Error (MAPE), and directional accuracy
for Bitcoin price movement prediction. XGBoost achieved superior directional accuracy
(81.1%) compared to LSTM (48.8%), while LSTM demonstrated higher correlation with
actual prices (R? = 0.7631 vs. 0.6600). Statistical significance testing confirmed XGBoost’s
superiority in predicting Bitcoin price direction, with comprehensive residual analysis
validating model assumptions and identifying systematic prediction patterns.

The systematic progression from educational baseline models to production-ready
systems with automated feature engineering and statistical validation demonstrates the
KDD framework’s capacity to transform raw cryptocurrency data into actionable financial
intelligence with formal statistical grounding. These methodological innovations collec-
tively establish a comprehensive template for applying data science principles to financial
forecasting that maintains both theoretical rigor and practical applicability in volatile
cryptocurrency markets.

4. Results

Preliminary diagnostic tests were conducted on the raw data, specifically bitcoin daily
price data (OHLCV—Open, High, Low, Close, Volume) spanning from December 2013 to
May 2025 (n = 4190 observations), to verify key statistical assumptions and identify suitable
modeling approaches for subsequent financial time series analysis. Table 3 presents the
summary descriptive statistics of the observed variables.

Table 3. Summary Statistics Table.

Statistic Open High Low Close Volume Market Cap

Count 4190 4190 4190 4190 4190 4190
Mean $20,930.10 $21,388.24  $20,451.05 $20,954.05 1.82 x 1010  $4.01 x 1011
Std Dev  $25,680.90 $26,208.72  $25,132.62  $25,711.03 2.08 x 1010  $5.06 x 101!

Min $176.90 $211.73 $171.51 $178.10 0.00 $2.44 x 10°
25% $768.85 $775.79 $756.09 $768.53 1.07 x 108 $1.12 x 1010
50% $9064.88 $9235.25 $8820.94 $9076.35 1.36 x 1010 $1.61 x 101

75% $33,344.10  $34,392.15  $31,982.40 $33,470.10 295 x 1010 $6.26 x 1011
Max $111,679.36  $111,970.17 $109,285.07 $111,673.28 3.51 x 1011 $2.22 x 1012

Source: Own estimations.
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This dataset captures Bitcoin’s remarkable price journey across 4190 daily observa-
tions, spanning from its early adoption phase to peak market cycles. The mean Bitcoin
price of approximately $20,930 reflects the dataset’s coverage of multiple market cycles,
including both bear and bull market periods. The extraordinarily high standard deviation
of over $25,680 demonstrates Bitcoin’s notorious volatility, with the coefficient of variation
exceeding 120%, making it one of the most volatile significant assets in financial markets.

The price range, from a minimum of $176.90 to a maximum of $111,970.17, represents
Bitcoin’s incredible growth trajectory over time. The minimum values around $170-$180
likely capture Bitcoin’s early years (2011-2012) or the depths of major bear markets, while
the maximum price of nearly $112,000 represents Bitcoin’s historic all-time highs during
bull market peaks. This represents a growth multiple of over 630 times from the lowest
to the highest recorded prices, illustrating Bitcoin’s transformation from an experimental
digital currency to a significant financial asset.

The median price of $9076 is significantly lower than the mean, indicating that Bitcoin
has spent more time at lower price levels than higher ones, which is characteristic of
exponential growth assets. The distribution shows that 50% of the observations fall below
$9076. At the same time, the upper quartile begins at $33,344, indicating that Bitcoin’s
significant price appreciation periods tend to be relatively shorter in duration compared to
consolidation or correction phases.

Bitcoin’s trading volume data reveals the asset’s evolution into a major traded com-
modity, with mean daily volume exceeding 18.2 billion units. The enormous standard
deviation of 20.8 billion, which surpasses the mean, reflects the episodic nature of Bitcoin
trading intensity. During major market events, such as institutional adoption announce-
ments, regulatory developments, or macroeconomic shifts, Bitcoin volume can surge
dramatically, creating these extreme observations.

The median volume of 13.6 billion is lower than the mean, confirming that most
trading days experience moderate activity, while exceptional volume spikes during major
market events drive the average higher. The maximum recorded volume of 351 billion units
likely corresponds to historic market events such as the 2017 bubble peak, the 2020-2021
institutional adoption wave, or significant correction periods when panic selling or buying
created extraordinary trading activity.

The presence of zero minimum volume observations could indicate early Bitcoin
trading periods when exchanges had limited liquidity, technical issues with data collection,
or specific days when certain exchanges experienced trading halts. The 25th percentile at
107 million suggests that during Bitcoin’s earlier years or quieter market periods, daily
volumes were substantially lower than current levels, reflecting the asset’s growth in
mainstream adoption and institutional participation.

Bitcoin’s market capitalization statistics showcase its evolution from an experimental
project to one of the world’s most valuable assets. The mean market cap of $401 billion
positions Bitcoin among the most significant assets globally, comparable to major corpora-
tions and commodities. The massive standard deviation of $506 billion reflects Bitcoin’s
journey through multiple boom-bust cycles, where market capitalization has experienced
dramatic expansions and contractions.

The maximum market capitalization of $2.22 trillion represents Bitcoin’s peak valua-
tion periods, likely corresponding to the 2021 bull market when Bitcoin briefly challenged
the market capitalizations of the world’s largest companies. This peak market cap reflects
not only price appreciation but also the growing supply of Bitcoin in circulation as new
coins are mined over time. The minimum market cap of $2.44 billion corresponds to
Bitcoin’s early years, when both the price and circulating supply were significantly lower.
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The median market cap of $161 billion being significantly below the mean demon-
strates that Bitcoin has spent most of its existence at lower valuations, with the trillion-dollar
market cap periods representing relatively brief but significant episodes in its price history.
The interquartile range from $11.2 billion to $626 billion captures Bitcoin’s transition from a
niche digital asset to a major store of value, with the 75th percentile representing periods
when Bitcoin achieved mainstream financial recognition.

The dataset’s comprehensive coverage of 4190 observations likely spans over a decade
of Bitcoin’s price history, capturing multiple distinct market cycles. The extreme price
ranges suggest inclusion of Bitcoin’s early trading periods (2011-2013), the first major
bubble and crash (2017-2018), the institutional adoption phase (2020-2021), and subsequent
market corrections. This temporal breadth provides insight into Bitcoin’s maturation as an
asset class.

The consistently high volatility across all price metrics (open, high, low, close) confirms
Bitcoin’s characteristic price behaviour throughout its history. Unlike traditional assets that
may experience volatility spikes during crisis periods, Bitcoin maintains high volatility as
a baseline characteristic, driven by factors such as regulatory uncertainty, technological
developments, institutional adoption waves, and shifts in macroeconomic sentiment.

The substantial differences between quartile ranges suggest that Bitcoin’s price discov-
ery process has been highly non-linear, characterized by extended periods of consolidation
punctuated by rapid appreciation or depreciation phases. This pattern reflects Bitcoin’s
unique position as an emerging asset class that is still finding its equilibrium value, influ-
enced by adoption cycles, technological improvements, and evolving regulatory landscapes
across global markets.

The dataset demonstrates exceptional completeness with exactly 4190 observations for
each metric and no missing values, indicating robust data collection processes throughout
Bitcoin’s trading history. This consistency suggests the data encompasses daily observations
from major exchanges or aggregated market data, providing a comprehensive view of
Bitcoin’s price evolution without gaps that might distort statistical analysis.

The uniform observation count across all variables confirms that each data point
represents a complete daily trading session with corresponding price, volume, and market
capitalization data. This completeness is particularly valuable for Bitcoin analysis, as
the cryptocurrency market operates continuously, and missing data could significantly
impact trend analysis, given Bitcoin’s high volatility and the potential for substantial price
fluctuations within any 24 h period.

The normality tests (Jarque—Bera and Shapiro-Wilk) both rejected the null hypothesis
of normality for returns at the 5% significance level (p < 0.001), indicating that the return
series does not follow a normal distribution. Stationarity tests revealed that while price
levels exhibited non-stationary behaviour (ADF and Phillips—Perron p-values > 0.97), the
return series was confirmed to be stationary (ADF statistic = —67.63, p < 0.001), consistent
with typical financial time series properties. The Ljung—Box test detected significant serial
autocorrelation in returns across multiple lags (1-4, 6-10), suggesting the presence of tempo-
ral dependencies in the data. The price variables (open, high, low, close) exhibit remarkably
consistent distribution characteristics, with skewness values clustering tightly between
1.431 and 1.449 (as described in Table 4). This high positive skewness indicates that Bitcoin’s
price distributions have pronounced right tails, meaning that extreme high-price events
occur more frequently than would be expected in a normal distribution. The consistency
across all four price metrics confirms that this skewness is a fundamental characteristic of
Bitcoin’s price behaviour rather than an artifact of specific measurement timing.
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The kurtosis values for price variables range from 1.289 to 1.371, all indicating lep-
tokurtic distributions with moderately fat tails compared to normal distributions. This
means that Bitcoin experiences extreme price movements (both high and low) more fre-
quently than a normal distribution would predict. The similar kurtosis values across open,
high, low, and close prices suggest that extreme movements are characteristic throughout
entire trading sessions rather than concentrated at specific times.

The combination of high positive skewness and moderate positive kurtosis in price
data reflects Bitcoin’s tendency toward explosive upward price movements during bull
markets, combined with relatively frequent extreme movements in both directions. This
statistical signature is typical of assets undergoing rapid adoption and price discovery,
where fundamental value reassessments create asymmetric price distributions favouring
upward movements over long time horizons.

Table 4. Distribution Statistics Summary Table.

Variable Skewness Kurtosis Dis;ﬁ:;:ion Be}]:zi:ior IntS:}t)irsetti:’zlon
Open 1439009  1.324665 Rigg%ileywe 4 M;a(iegﬁily B‘fﬁiﬁ’é‘ﬁ;ﬂﬁ
High 1431107  1.288996 Rigﬁi_gile};ved M;ieTr:itlesly ]gfsﬁ(l)lslﬁtigi
Low 1449360 1371230 Rigﬁgilez’e 4 M;ieTrgﬁesly Bfﬁ:ﬁ;gﬁ
Close 1439585  1.326619 Rigﬁf‘éﬁywed M}?a(ieTraaﬁily stﬁi?ﬁtigi

Volume 2316838 18.022354 Rig’}‘lttr_grlf‘g; 4 E;‘z‘?rr;iy B?I;figl?lll}l?tic

istribution
Market Cap 1497659  1.545122 Rigﬁféﬁywed MFOaC:eTr:itlesly stﬁflﬁtigi

Source: Own estimations.

The XGBoost model demonstrated strong predictive alignment with BTC price dy-
namics, as confirmed by both temporal trace and scatter plot visualizations in Figure 6a,b.
Initial optimization yielded a modest R? of 0.1554, but final model performance improved
significantly to 0.6486, with individual test R? reaching 0.6274. The XGBoost model per-
formance improved substantially through systematic hyperparameter optimization and
advanced feature engineering incorporating technical indicators, lag features, and rolling
statistics. However, statistical diagnostics revealed significant model limitations, including
non-normal, heteroskedastic, and autocorrelated residuals (Jarque-Bera p < 0.001), along
with concerning temporal instability evidenced by dramatically different performance
between data halves (first half R? = 0.9825 vs. second half R?> = —0.7390). Despite these
statistical violations indicating potential overfitting and insufficient capture of time-series
dependencies, the model demonstrated practical utility with 81.36% directional accuracy
and reasonable prediction interval coverage, suggesting effectiveness for short-term Bitcoin
price forecasting applications.
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Bitcoin Price Prediction Results - XGBoost Model
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Figure 6. Artefacts from training XGBoost model (a,b). Source: Own estimations.

(a)

(b)

As evident from Figure 7a describing the performance of the stand-alone LSTM, Fig-
ure 7b describing the performance of the attention-based LSTM and Table 5, no single
model dominates across all performance dimensions, with each exhibiting distinct advan-
tages in specific evaluation criteria. XGBoost demonstrates superior directional accuracy
(81.11%) compared to LSTM variants (~47%), making it more suitable for trading signal
generation despite lower absolute prediction accuracy (R? = 0.6558 vs. 0.7840-0.8025 for

LSTM models).

Table 5. Models’ metrics estimations.

Metric XGBoost LSTM Attention-Based LSTM
MAE $8262.27 $3441.44 $7133.63
RMSE $15,256.86 $5903.19 $9641.89
R? 0.6558 0.9485 0.8025
MAPE 9.58 447 16.05
Directional Acc 81.11 46.81 4741

Source: Own estimation.
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Figure 7. Artefacts from training (a) simple stand-alone LSTM; (b) attention-based enhanced LSTM.
Source: Own estimations.

It can observed in Table 5 that the attention-based LSTM shows marginal improvement
over standard LSTM in terms of R? (0.8025 vs. 0.7840) and MAE reduction (11%), but
exhibits concerning cross-validation instability (R? = —4.1499 =+ 2.5903), suggesting poor
generalization properties. While the attention mechanism achieves superior risk-adjusted
returns (Sharpe ratio: 2.1559 see Table 6), the modest performance gains do not justify the
increased model complexity given the generalization concerns. The findings indicate that
model selection could be application-specific: XGBoost for directional trading strategies
and standard LSTM for magnitude prediction tasks. Therefore, the research continued with
the elaboration and execution of the GARCH-DL.
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Table 6. XGBoost, LSTM, Ensemble model, Attention-based LSTM, and GARCH-DL.
Metric XGBoost ~LSTM  Enmsemble Attention-Based o) prpypy
LSTM

MAE $8262.27 $3441.44 $8311 $7133.63 $8092.66

RMSE $15,256.86  $5903.19 $12,252 $9641.89 $9517.04
R? 0.6558 0.9485 0.7780 0.8025 0.8075
MAPE % 9.58 447 10.95 16.05 20.52
Directional Acc % 81.11 46.81 51.3 47.41 48.86

Sharpe Ratio * 2.16 1.72 2.16 2.16 0.08

1.0
08

0.6

0.2

0.0

20.0

17.5

15.0

$125
&

% 100
=

75

5.0

25

0.0

0.956

qpent” 48O
\s
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* Sharpe > 1 is considered good, Sharpe > 2 is very strong, Sharpe < 1 implies suboptimal risk-return balance.
Source: Own estimations.

Models detailed metrics performance can be observed in Table 6.

The comparative evaluation of the four forecasting models—Simple LSTM, Enhanced
LSTM, XGBoost, and GARCH-DL—is presented in Figure 8 and Table 6. The assessment is
based on standard error metrics (RZ, RMSE, MAE, MAPE) and finance-oriented indicators
(Directional Accuracy and Sharpe Ratio), providing a multifaceted understanding of each
model’s predictive quality and trading applicability.
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Figure 8. Models’ accuracy performance. Source: Own estimations.

XGBoost achieved the highest R? value (0.973), indicating the greatest proportion of
variance in Bitcoin price successfully explained by the model. GARCH-DL closely followed
with 0.963, while the Enhanced LSTM attained 0.956. The Simple LSTM demonstrated the
lowest R? (0.802), reflecting more substantial deviation from the observed data.

XGBoost outperformed all models in terms of RMSE (1559.75) and MAE (1241.27),
confirming its lower prediction errors both in squared and absolute terms. GARCH-DL
recorded intermediate error values (RMSE: 1848.22; MAE: 1489.27), while both LSTM
variants exhibited comparatively higher error magnitudes. Notably, the Simple LSTM
yielded the highest RMSE (1998.94) and MAE (1583.30), consistent with its lower R2.

XGBoost demonstrated superior performance in relative error terms, with the lowest
MAPE of 2.58%, indicating more reliable proportional accuracy across varying price levels.
GARCH-DL followed with 3.08%, and the Enhanced LSTM slightly underperformed at
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3.30%. The Simple LSTM’s MAPE was markedly higher, reflecting relative inefficiency in
capturing local dynamics.

In terms of forecasting the correct price movement direction, XGBoost again led
with 65.3% directional accuracy, outperforming GARCH-DL (60.9%) and Enhanced LSTM
(59.5%). This metric is particularly important in financial contexts, where accurate di-
rectional predictions inform trading decisions. The Simple LSTM exhibited the weakest
directional signal, consistent with its overall performance profile.

The Sharpe Ratio, used here to evaluate the risk-adjusted return of the forecast-driven
strategy, further distinguished model quality. GARCH-DL obtained the highest Sharpe
Ratio (0.574), closely followed by the Enhanced LSTM (0.565), suggesting a favorable
trade-off between predictive return and volatility. XGBoost lagged in this regard (0.496),
reflecting a slightly higher volatility in its prediction errors despite its accuracy.

Figure 9a, upper plot, presents out-of-sample predictions from January 2024 to May
2025, where XGBoost achieved R* = 0.15, Simple LSTM R? = 0.12, Enhanced LSTM with
Attention R? = 0.18, and GARCH-DL R? = 0.10. These realistic performance metrics reflect
genuine predictive capability on completely unseen future data. We evaluate five models
using a strict out-of-sample methodology, from which it is evident that the ensemble model
achieves superior performance through a weighted combination of XGBoost, Enhanced
LSTM, and GARCH-DL predictions, demonstrating the value of model diversification in
cryptocurrency price prediction. These comparative results can lead us to the conclusion
that XGBoost offers the best overall performance in terms of predictive accuracy and
error minimization. However, GARCH-DL and the Enhanced LSTM demonstrate superior
performance in terms of risk-adjusted forecasting and are more suitable for volatility-aware
trading strategies. The Simple LSTM, while conceptually foundational, lags behind in both
statistical and financial metrics (Figure 9a bottom plot). The x-axis shows “Time Index”
ranging from 800 to 1000, which represents sequential time periods. This visualization
demonstrates backtesting results where the models are making predictions on historical
data that was likely part of the training process or validation set, rather than truly unseen
future data. Looking at the performance of all three models (LSTM, XGBoost, and GARCH-
DL) over the last 200 points, they demonstrate reasonable ability to track the general trend
and capture the major upward movement from approximately $45,000 to $80,000, followed
by the subsequent decline. However, all models exhibit notable weaknesses during high
volatility periods, particularly around time indices 920-940 and 975-990, where they
struggle to keep pace with rapid price changes. The models also tend to lag behind actual
prices during sharp peaks and consistently produce smoother predictions than Bitcoin’s
actual volatile behavior, suggesting they underestimate the asset’s inherent volatility.

Figure 9b presents a comprehensive comparison of the four forecasting models—Simple
LSTM, Enhanced LSTM with Attention, XGBoost, and the hybrid GARCH-DL—Dbased
on their predictive alignment with observed Bitcoin prices. This figure integrates both
graphical and statistical perspectives to assess prediction accuracy, error behavior, and
model consistency.

The upper-left subplot (Figure 9b) illustrates the predictive trajectories of all four
models over the most recent 200 data points. The XGBoost and GARCH-DL models
demonstrate close adherence to the actual price path, capturing the local volatility and
directional trends with high fidelity. The Enhanced attention-based LSTM also performs
relatively well but exhibits periodic under- and over-shooting, particularly in regions of
rapid trend change. In contrast, the Simple LSTM shows the largest deviations from the
ground truth, particularly during price inflection zones, suggesting limitations in temporal
pattern learning under minimal architectural complexity.
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Source: Own estimations.

The upper-right scatter plot in Figure 9b provides a more aggregated view of predic-
tive fit by plotting predicted prices against actual values. All models exhibit a positive
linear association, as indicated by their clustering around the 45-degree reference line.
Notably, XGBoost and GARCH-DL maintain tighter clustering with fewer extreme devia-
tions, reflecting greater calibration. The Simple LSTM points are more widely scattered,
confirming its relatively lower predictive precision.

The bottom-left subplot (Figure 9b) reveals the empirical distribution of absolute
errors for each model. XGBoost and GARCH-DL show pronounced left skewness with high
density in the lower error region (<$1500), indicating their ability to limit large deviations.
Enhanced LSTM demonstrates moderately higher dispersion, while Simple LSTM displays
the broadest error spread, underscoring its greater uncertainty in capturing complex price
movements. These findings reinforce the need for deeper architectures or hybridization in
time series modeling of highly volatile assets like Bitcoin.

The final subplot in Figure 9b (bottom-right) synthesizes multiple performance
metrics—R2, RMSE, MAE, and MAPE—into a composite average rank (lower is better).
XGBoost outperforms all other models, achieving the top rank (1.33), followed by GARCH-
DL (1.83), and Enhanced LSTM. The Simple LSTM ranks last with a mean position of
3.83, corroborating the earlier visual and distributional insights. This composite view pro-
vides robust evidence of XGBoost’s superior generalization and the benefits of combining
statistical and deep learning paradigms as seen in GARCH-DL.

On the other hand, the GARCH-enhanced deep learning model demonstrates very un-
satisfactory performance, with an extremely negative R? value of -157.86 and a prohibitively
high MAPE of 520.57%, indicating that the hybrid approach performs substantially worse
than a naive mean prediction baseline. The model’s directional accuracy of 50.78% ap-
proximates random chance, while the minimal MAE of $1831.40 suggests the model is



Risks 2025, 13, 195

29 of 43

generating consistently low-variance predictions that fail to capture Bitcoin’s inherent price
volatility, as evidenced by the flat prediction trajectory against highly volatile actual prices.
The Sharpe ratio of 0.0771 and maximum drawdown of —139.49% further confirm the
model’s inadequacy for practical trading applications, highlighting fundamental archi-
tectural or implementation deficiencies in the hybrid framework. These results suggest
that the integration of GARCH volatility modeling with deep learning architectures, while
theoretically promising, requires substantial methodological refinements to effectively
capture the complex stochastic properties of cryptocurrency markets.

5. Discussion

The empirical results reveal significant heterogeneity in model performance across dif-
ferent evaluation metrics, underscoring the complexity of cryptocurrency price prediction
and the fundamental trade-offs inherent in algorithmic approaches to financial forecast-
ing. The simple LSTM model demonstrated superior overall performance with an R? of
0.9485 and remarkably low error metrics (MAE = $3441.44, MAPE = 4.47%), substantially
outperforming both the XGBoost implementation (R? = 0.6558, MAPE = 9.58%) and other
tested approaches. This performance differential aligns with recent comparative studies
showing that LSTM networks can achieve high R? values in continuous price forecasting,
while ensemble methods like XGBoost excel in directional prediction with accuracy rates
exceeding 81% (Murray et al. 2023; Phung Duy et al. 2024; Shen et al. 2024).

These findings position our research within the broader academic landscape where
hybrid deep learning models have consistently outperformed traditional econometric
approaches by 18-20% in forecasting accuracy (Zahid et al. 2022). The emergence of
sophisticated hybrid architectures, such as the Triple GARCH-EGARCH-LSTM2 model
that achieved 18.61-20.51% improvement over standalone GARCH models, demon-
strates the paradigm shift toward methodological pluralism that our study exemplifies
(John et al. 2024).

The attention-based LSTM architecture achieved competitive continuous forecasting
performance with an R? of 0.8025 and MAE of $7133.63, demonstrating the efficacy of
attention mechanisms in capturing temporal dependencies within cryptocurrency price
series (Kehinde et al. 2025; Seabe et al. 2023). However, the model exhibited higher MAPE
(16.05%) compared to the standard LSTM, suggesting that the attention mechanism, while
enhancing interpretability, introduces complexity that may reduce precision in absolute
error terms. The directional accuracy of 47.41% indicates performance marginally below
random walk expectations, highlighting the persistent challenge of directional prediction
in volatile cryptocurrency markets.

The GARCH-DL hybrid approach demonstrated marginally superior continuous fore-
casting with an R? of 0.8075 and competitive MAE of $8092.66, representing successful
integration of traditional volatility modelling with deep learning architectures. This hybrid
model achieved the highest MAPE (20.52%) among tested approaches, suggesting that
while the GARCH component effectively captures volatility clustering, the combination
may amplify prediction errors in absolute terms. Notably, the GARCH-DL model achieved
directional accuracy of 48.86%, approaching the performance threshold for practical appli-
cability, while maintaining interpretable volatility dynamics inherent in GARCH modelling
(Phung Duy et al. 2024; Yildirim and Bekun 2023; Zheng 2020).

The ensemble method showed moderate performance (R? = 0.7780, MAE = $8311),
reflecting the challenges of combining multiple prediction approaches effectively (Kiran-
mai Balijepalli and Thangaraj 2025) while achieving directional accuracy of 51.3%—the
second-highest among non-XGBoost models. These results align with recent comprehensive
analyses showing that ConvLSTM hybrid models achieved 2.4076% MAPE, significantly
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outperforming traditional LSTM approaches, while emphasizing the complexity of opti-
mally weighting diverse predictive methodologies (John et al. 2024).

Conversely, the XGBoost model exhibited remarkable precision in directional predic-
tion, achieving the highest directional accuracy of 81.11% among all tested approaches,
despite higher absolute error metrics (MAE = $8262.27, RMSE = $15,256.86). This supe-
rior performance in directional forecasting reflects the model’s capacity to capture mar-
ket trend patterns—a critical characteristic given that Bitcoin return distributions exhibit
positive skewness and extremely high kurtosis values, often exceeding 40, indicating lep-
tokurtic behavior with heavier and fatter tails than normal distributions (Kukacka and
Kristoufek 2023). This exceptional directional accuracy performance places our XGBoost im-
plementation among the top-performing models in the academic literature, where Bouteska
et al. (2024) found that LightGBM dominated Bitcoin forecasting in ensemble learning
approaches, and directional prediction capabilities remain paramount for practical trading
applications (Bouteska et al. 2024). The systematic trade-offs observed in our study reflect
broader findings in the literature where Gated Recurrent Units (GRU) achieved superior
performance for certain cryptocurrencies, while ensemble methods demonstrated more
stable performance across varying market conditions (Ko et al. 2023).

The extended comparison between models in different metrics provides compelling
evidence for the necessity of sophisticated architectural modifications when dealing with
highly volatile financial time series characterized by extreme value distributions. The
LSTM'’s exceptional continuous forecasting performance (R? = 0.9485) versus its poor direc-
tional accuracy (46.81%) indicates fundamental challenges posed by Bitcoin’s pronounced
fat-tail characteristics, where extreme price movements occur much more frequently than
predicted by normal distribution assumptions (Da Cunha and Da Silva 2020; Livieris et al.
2021; Petropoulos et al. 2022; Yi et al. 2023).

The documented persistence of model-specific strengths across evaluation metrics
supports Taleb’s (2020) theoretical framework, which demonstrates that traditional statisti-
cal techniques systematically misapply conventional methods to fat-tailed distributions,
leading to significant underestimation of tail risks. This theoretical understanding aligns
with recent research by Gkillas and Katsiampa (2018), who applied Extreme Value Theory
using Generalized Pareto Distribution, finding that Bitcoin exhibits significantly heavier
tail behavior than traditional currencies (Gkillas and Katsiampa 2018).

The rigorous normality testing conducted across various sampling intervals, consis-
tently rejecting the null hypothesis of normal distribution for Bitcoin returns at the 1%
significance level using both Jarque-Bera and Shapiro-Wilk tests (Yi et al. 2023), under-
scores the fundamental challenge these distributional characteristics pose to conventional
financial modeling approaches. Recent research by Yildirim and Bekun (2023) demon-
strated that Bitcoin’s weekly returns exhibit pronounced ARCH effects and non-normal
distributions, with negative shocks having 30% larger impact on volatility than positive
shocks—a finding that directly relates to the directional prediction challenges observed in
our LSTM model.

The Sharpe ratio analysis reveals interesting patterns in risk-adjusted returns that align
with recent academic developments in cryptocurrency performance evaluation. Both XG-
Boost and ensemble methods achieved the highest Sharpe ratios of 2.16, indicating superior
risk-adjusted performance despite higher absolute errors. Remarkably, the attention-based
LSTM also achieved an equivalent Sharpe ratio of 2.16, suggesting that despite its moderate
continuous forecasting performance and poor directional accuracy, the model maintains
favorable risk-return characteristics for portfolio applications.

The LSTM model, while excelling in accuracy metrics, achieved a moderate Sharpe ra-
tio of 1.72, while the GARCH-DL approach showed significantly lower risk-adjusted returns
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(0.08), suggesting potential overfitting or poor generalization to market volatility patterns.
This poor risk-adjusted performance of the GARCH-DL model, despite competitive R
values, indicates that the hybrid approach may be capturing noise rather than genuine
market signals, leading to excessive portfolio volatility relative to returns generated.

The stark contrast between in-sample and out-of-sample model performance reveals
fundamental limitations that warrant critical examination. While in-sample predictions
demonstrate strong model capabilities with all architectures closely tracking actual price
movements, the out-of-sample results expose catastrophic performance degradation across
all tested approaches. The models consistently fail to capture extreme price movements
during the out-of-sample period, with predictions systematically underestimating actual
values during sharp upward trends—a critical failure mode that could result in substantial
financial losses in practical trading applications.

This dramatic performance deterioration suggests severe overfitting despite our vali-
dation procedures, highlighting the inherent instability of cryptocurrency markets where
regime shifts can render historical patterns obsolete. The LSTM model’s out-of-sample
performance particularly deteriorated from its impressive in-sample R? of 0.9485, demon-
strating that even sophisticated neural architectures struggle with distribution shifts in
cryptocurrency markets. Similarly, the XGBoost model, despite its exceptional directional
accuracy of 81.11% in validation, exhibits substantial prediction errors during extreme
market movements, undermining its practical utility for risk management applications.

The absence of exogenous variables in our modeling framework represents a critical
limitation that likely contributes to this poor out-of-sample performance. While we ac-
knowledge the importance of incorporating macroeconomic indicators, regulatory news
sentiment, and cross-market correlations—particularly given recent evidence that S&P
500 index movements and Federal Reserve policy announcements significantly influence
Bitcoin prices (Bouteska et al. 2024)—our models rely exclusively on endogenous price and
technical indicators. This methodological choice, while ensuring model parsimony and
computational efficiency, fundamentally limits the models” ability to anticipate external
shocks that drive cryptocurrency market dynamics, as demonstrated by Li and Dai (2020)
who achieved superior performance through multi-modal data integration.

The GARCH-DL hybrid’s particularly poor risk-adjusted performance (Sharpe ratio
= 0.08) despite competitive in-sample accuracy metrics reveals that the model may be
capturing spurious volatility patterns that fail to generalize beyond the training period. This
finding aligns with Taleb’s (2020) critique of conventional statistical approaches in fat-tailed
distributions, where models optimized on historical data systematically underestimate
tail risks and fail catastrophically during market regime changes. The ensemble method’s
moderate out-of-sample resilience, while still inadequate for practical applications, suggests
that model diversity provides some protection against overfitting, though insufficient to
overcome the fundamental challenge of non-stationary market dynamics.

These out-of-sample failures underscore the disconnect between academic model
evaluation and practical trading requirements, where the ability to maintain performance
during market stress periods determines actual utility. The consistent underestimation of
extreme price movements across all architectures indicates that current approaches, despite
their sophistication, fail to capture the fundamental drivers of cryptocurrency valuations
during paradigm shifts—whether technological breakthroughs, regulatory changes, or
macroeconomic regime transitions that characterize the cryptocurrency ecosystem.

This research makes several significant contributions to the cryptocurrency forecasting
literature within the context of recent academic developments. First, our comprehensive
model comparison reveals distinct performance profiles across five different architectures:
the LSTM achieved exceptional continuous forecasting (R? = 0.9485), while the attention-
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based LSTM demonstrated competitive accuracy (R? = 0.8025) with superior risk-adjusted
returns (Sharpe ratio = 2.16) and enhanced interpretability. The GARCH-DL hybrid ap-
proach (R? = 0.8075) successfully integrates traditional volatility modeling with deep
learning, approaching the breakthrough results achieved by models like the Helformer
(Kehinde et al. 2025), which integrated Holt-Winters exponential smoothing with Trans-
former architecture.

However, the directional accuracy results reveal systematic challenges across neural
network architectures: LSTM (46.81%), attention-based LSTM (47.41%), and GARCH-DL
(48.86%) all performed below the ~49% baseline reported for standard LSTM implemen-
tations (Shen et al. 2024) and well below the superior directional accuracy rate of 81.11%
achieved by our XGBoost model. This consistent pattern across hybrid and advanced
architectures suggests fundamental limitations in neural network approaches to directional
prediction, contrasting with the exceptional performance achieved by ensemble methods.
The ensemble model’s directional accuracy of 51.3% represents a notable improvement
over individual neural network approaches while maintaining competitive continuous
forecasting performance (R? = 0.7780).

Second, our comprehensive analysis reveals that model performance optimization
involves fundamental trade-offs between continuous forecasting accuracy, directional pre-
diction capability, and risk-adjusted returns across multiple architectural approaches. The
attention-based LSTM’s combination of competitive accuracy (R? = 0.8025) with excellent
risk-adjusted performance (Sharpe ratio = 2.16) and enhanced interpretability represents a
unique value proposition for practitioners requiring model explainability. Similarly, the
GARCH-DL hybrid’s ability to maintain traditional volatility modeling interpretability
while achieving competitive R? performance (0.8075) addresses the growing demand for
theoretically grounded machine learning approaches in financial markets.

The XGBoost model’s exceptional directional accuracy (81.11%) combined with com-
petitive risk-adjusted returns (Sharpe ratio = 2.16) addresses a critical gap in the literature,
where directional prediction performance often receives secondary attention despite its
paramount importance for trading applications. The ensemble method’s balanced perfor-
mance across multiple metrics (R?% = 0.7780, directional accuracy = 51.3%, Sharpe ratio = 2.16)
demonstrates the potential for multi-model approaches to achieve consistent performance
across diverse evaluation criteria.

The attention-based LSTM’s performance characteristics reveal important insights
into the interpretability—accuracy trade-off in cryptocurrency prediction models. While
achieving competitive R?> performance (0.8025) and excellent risk-adjusted returns
(Sharpe ratio = 2.16), the model’s higher MAPE (16.05%) compared to standard LSTM
suggests that attention mechanisms introduce computational overhead that may reduce
precision in exchange for interpretability benefits. This aligns with recent research demon-
strating that attention-based CNN-LSTM models for high-frequency cryptocurrency trend
prediction achieve superior performance through enhanced feature selection capabilities
(Chen et al. 2024).

The attention mechanism’s ability to identify relevant temporal dependencies provides
valuable insights into market dynamics, particularly during periods of high volatility where
traditional models struggle with feature attribution. Recent academic developments have
shown that dual attention mechanisms can achieve breakthrough performance in cryptocur-
rency forecasting by simultaneously capturing temporal and feature-wise dependencies,
suggesting that our attention-based LSTM represents a foundational approach that could
benefit from multi-dimensional attention architectures (Khaniki and Manthouri 2024).

The GARCH-DL hybrid model’s performance (R? = 0.8075, MAE = $8092.66) demon-
strates successful integration of traditional volatility modelling with deep learning, po-
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sitioning our research within the broader academic trend toward methodological plural-
ism. However, the model’s poor risk-adjusted performance (Sharpe ratio = 0.08) despite
competitive accuracy metrics suggests fundamental challenges in hybrid architecture opti-
mization. This finding aligns with recent research by Zahid et al. (2022), who achieved an
improvement of 18.61-20.51% over standalone GARCH models through Triple GARCH-
EGARCH-LSTM2 architectures, indicating that our single-stage hybrid approach may
require additional sophistication to achieve optimal risk-return characteristics.

The GARCH-DL model’s ability to capture volatility clustering while maintaining
competitive directional accuracy (48.86%) represents an essential contribution to the liter-
ature on combining traditional econometric foundations with modern machine learning
capabilities. The model’s interpretable volatility dynamics, inherited from the GARCH
component, provide valuable insights for risk management applications despite suboptimal
portfolio performance metrics.

Third, this research provides empirical evidence for the persistent methodological
pluralism required in cryptocurrency forecasting, confirming theoretical predictions re-
garding the limitations of single-model approaches in financial markets (Taleb 2020). The
identification of technical indicators as primary predictive features—particularly Bollinger
Bands, exponential moving averages, and market capitalization—suggests that traditional
technical analysis maintains relevance in algorithmic contexts.

This finding addresses a significant research gap identified by John et al. (2024), where
only 5 of 139 surveyed papers utilized technical indicators despite their proven effective-
ness. Our integration of technical analysis aligns with Li and Dai’s (2020) demonstration
that CNN-LSTM hybrids incorporating technical indicators, blockchain metrics, and sen-
timent analysis outperformed single-architecture models in both value prediction and
directional accuracy.

The stationarity characteristics of the data series provide crucial context for inter-
preting model performance within the broader academic framework. While Bitcoin price
levels consistently demonstrate non-stationary behavior exhibiting unit root characteristics
typical of financial asset prices (Iltas et al. 2019), the transformation to logarithmic returns
fundamentally alters these statistical properties. The robust stationarity findings in Bitcoin
returns, confirmed even when accounting for potential regime changes through structural
break tests including the Zivot-Andrews test (Zivot and Andrews 2002), provide a stable
foundation for both traditional econometric forecasting and advanced machine learning
applications (Jabbar and Jalil 2024; Shen et al. 2024; Yildirim and Bekun 2023).

Several limitations constrain the generalizability and practical applicability of these
findings within the context of current academic research. First, this study’s focus on Bitcoin
price prediction may limit transferability to other cryptocurrencies with different market
microstructures, trading volumes, and volatility patterns. The unique position of Bitcoin as
the dominant cryptocurrency, with its specific correlation patterns and market dynamics,
may not be representative of the broader cryptocurrency ecosystem—a limitation acknowl-
edged in recent comparative studies across multiple cryptocurrencies (Bouteska et al. 2024).
The insufficient out-of-sample performance degradation observed across all models repre-
sents the most significant limitation of this research, raising fundamental questions about
the practical applicability of machine learning approaches to cryptocurrency forecasting.
The exclusion of exogenous variables—including macroeconomic indicators, regulatory
sentiment, and cross-asset correlations—likely contributes to this poor generalization, as
models lack the informational foundation to anticipate external market drivers that become
dominant during regime shifts (Lamothe-Fernandez et al. 2020). Future research must
prioritize the integration of multi-modal data sources and develop robust techniques for
detecting and adapting to distribution shifts in real-time trading environments.
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Several promising avenues for future investigation emerge, building on the current
academic momentum. First, the development of hybrid architectures that synergistically
integrate GARCH volatility modeling with attention-enhanced deep learning architectures
could address both the directional accuracy strengths of ensemble methods and the contin-
uous forecasting capabilities of neural networks. Moreover, integrating alternative data
sources, such as the S&P 500 index, including social media sentiment, on-chain metrics,
and macroeconomic indicators, within attention-enhanced frameworks could address the
current models’ limitations in capturing external market drivers while maintaining the inter-
pretability advantages demonstrated by the attention mechanism. This aligns with emerg-
ing research on blockchain feature analysis, which remains significantly underexplored
despite theoretical advantages in providing unique insights into market fundamentals.

The development of specialized loss functions that explicitly account for both con-
tinuous forecasting accuracy and directional prediction performance represents a critical
research frontier, potentially addressing the fundamental trade-offs observed across all
methodological approaches in this study. Current approaches, which primarily optimize for
mean squared error or similar symmetric loss functions, may be fundamentally misaligned
with the asymmetric risk profiles inherent in cryptocurrency markets, where extreme value
theory considerations become paramount for practical risk management applications.

Finally, real-time adaptation mechanisms that allow models to adjust their parameters
dynamically as market conditions evolve represent essential developments for practical
implementation. The persistence of significant residual non-normality across all method-
ological approaches indicates fundamental challenges in fully capturing the stochastic
properties of cryptocurrency markets, suggesting that theoretical advances in financial
econometrics may be necessary to achieve substantial improvements in forecasting accuracy
and practical utility, as evidenced by the continued evolution toward transformer-based
architectures and multi-modal approaches in recent academic literature.

6. Conclusions

Based on the comprehensive analysis presented in this research, several critical prac-
tical implications emerge for cryptocurrency market participants, financial institutions,
and trading practitioners, though these must be tempered by the severe out-of-sample
performance degradation observed across all models. For directional trading strategies fo-
cused on market timing and trend following, XGBoost demonstrates superior performance
with 81.11% directional accuracy in validation settings, making it the optimal choice for
generating buy/sell signals and algorithmic trading systems, although practitioners should
note that this performance significantly deteriorates during market regime shifts and ex-
treme price movements. Conversely, for applications requiring precise price magnitude
predictions, such as options pricing or risk management calculations, the standalone LSTM
model’s exceptional continuous forecasting performance provides more accurate absolute
price estimates within stable market conditions, but systematically fails to capture extreme
movements during volatile periods. This finding suggests that successful cryptocurrency
trading operations may benefit from employing multiple complementary models rather
than relying on a single approach, while critically recognizing that all current architectures
exhibit fundamental limitations without incorporating exogenous market drivers.

The attention-based LSTM model’s superior risk-adjusted performance indicates its
value for portfolio optimization applications where the risk-return trade-off is paramount,
though the catastrophic out-of-sample failures across all models underscore the necessity
of integrating macroeconomic indicators, regulatory sentiment, and cross-market correla-
tions in future implementations. Financial institutions and investment funds can leverage
these findings to develop more sophisticated risk assessment frameworks that account for
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Bitcoin’s extreme volatility characteristics, while acknowledging that models relying solely
on endogenous variables remain vulnerable to external shocks and regime changes. The
GARCH-DL hybrid model’s ability to provide volatility-informed confidence intervals of-
fers practical benefits for Value-at-Risk calculations and stress testing procedures, enabling
more robust risk management protocols in volatile cryptocurrency markets, despite its poor
risk-adjusted returns suggesting potential overfitting to historical volatility patterns.

This research highlights important practical considerations for implementing machine
learning systems in real-world trading environments. XGBoost’s superior cross-validation
stability and computational efficiency make it more suitable for production deployment,
particularly in high-frequency trading scenarios where model reliability and execution
speed are critical, though practitioners must implement robust monitoring systems to
detect performance degradation during distribution shifts. The attention-based LSTM’s
enhanced interpretability provides valuable insights into regulatory compliance and model
validation requirements, addressing growing concerns about algorithmic transparency in fi-
nancial markets. Organizations can utilize these findings to make informed decisions about
selecting a technology stack and allocating computational resources for cryptocurrency
prediction systems, while prioritizing the integration of exogenous variables including
Federal Reserve policy indicators, S&P 500 correlations, and regulatory news sentiment to
address the fundamental limitations identified in this research.

For market makers and liquidity providers in cryptocurrency exchanges, the research
offers practical insights into optimal pricing strategies with the critical caveat that model
performance remains contingent on market stability. The superior directional accuracy of
XGBoost can inform bid—-ask spread optimization and inventory management decisions,
potentially reducing adverse selection costs and improving profitability during normal
market conditions. The LSTM model’s precise magnitude predictions can enhance quote
accuracy for large block trades and institutional orders, improving market quality and
reducing price impact for significant transactions, though risk management protocols
must account for systematic underestimation of extreme price movements. This study
reveals that practitioners must carefully consider their specific trading objectives when
selecting predictive models, while recognizing that future research incorporating multi-
modal data sources and exogenous variables is essential for achieving robust out-of-sample
performance in the inherently unstable cryptocurrency markets.
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Abbreviations

The following abbreviations are used in this manuscript:

LSTM Long Short-Term Memory

GRU Gated Recurrent Unit

SVM Support Vector Machine

RNN Recurrent Neural Networks
CNN Convolutional Neural Network
Bi-LSTM Bi-Directional LSTM

LightGBM  Light Gradient Boosting Machine
XGBoost Extreme Gradient Boosting
RMSE Root Mean Squared Error
MAPE Mean Absolute Percentage Error
MAE Mean Absolute Error

R? R-squared

CEEMDAN

GARCH

DL Deep Machine Learning
Appendix A

Table A1. Models’ Performance Metrics.

Complete Ensemble Empirical Mode Decomposition with Adaptive Noise
Generalized Autoregressive Conditional Heteroskedasticity

Metric
Model
Function Abbreviation Equation Description
Indicator
Parameter
where
I(yi,¥;) is the loss function (squared loss
for regression) L
XGBoost Core . . Q(fk) N 'ﬂ" N jAZle wj s the
Algorithm XGBoost L(¢) = i =1 nl(yi,y i) + k = 1L KQ(fk) regularization term .
T is the number of leaves in tree kk k
wj is the weight of leaf j
7 is the minimum loss reduction parameter
A L2 regularization parameter
§ = Wout - ReLU(Dropout(W fcl
-BatchNorm(LSTM2(LSTM1(Xseq)))
+bfcl)) + bout
Simple
stand-alone LSTM where:
LSTM model Xseq € RBx L X FXgeq € REXLXF
(batch size, sequence length, features)
LSTM;j, LSTM; are the two LSTM layers
Final output: § € RBx1
Given a time series P = p1,p2,..., pn, create The Sliding Window Approach is
input-output pairs: fundamental to preparing time series data
Sliding Window x(® = {pi,Pis1, - PixL—1} for neural networks, espeFially LSTMs. It is
A " - f ori= 1,2,...,n—L how we transform a continuous stream of
pproac

v = pige
where L is the sequence length
(lookback window).

cryptocurrency prices into training
examples that neural networks can learn
from.
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Metric
Model
Function Abbreviation Equation Description
Indicator
Parameter
Feature Vector Construction is crucial for
Each time Step t includes multlple features: your Cryptocurrency models—it is how we
Feature Vector open _high Jow - close .
Constriction Non xe=[p, L ppe, pv, pslese, transform raw market data into the
v, RSI;, MACDy, BByyos, t]T structured input that machine learning
algorithms can understand and learn from.
lé/[ulti—L?.yer Architecture with Residual Attention Weights:
onnections
. et = Wa-ht+ba
i;:?;;gffuifTM Attention- x1 = Dropout(ReLU(W; - BatchNorm(c) + by)) iy = exp(et)
= . T YL k=1Texp(ek))
with Attention based LSTM  xp = Dropout(ReLU(W; - x1 + b)) Attended Output:
y = tanh(W3 - x2res + b3) ‘T H atht
Computational Complexity:
GARCH Estimation: O(T x p X q) per
iteration
Deep Learning Forward Pass:
O<L x H? x Nlayers +H % Nheads)
Combined Training;:
Complete Prip = O<Te ochs X (TcArcH + TDL))
GARCH-DL : P
GARCH-DL DeepLearning (Features(Py.r, oCARCH ) Memory Requirements
GARCH Model: O(p + q + T) for
parameter storage and data
Deep Learning Model:
O<H2 X Niayers + B X L x F)
Feature Storage:
@ <T X (Fprice + Fyor + FGARCH))
Dropout-Based Uncertainty
F taint timation, d ti bled e
dor neerramty e.s fmation, Gropout 1s enable Monte Carlo Uncertainty Quantification is
uring inference: . .
() — 0.4 ¢ enabled a powerful technique that shows not just
Monte Carlo y& = LsTm(X; 0, dropout enabled) what your cryptocurrency model predicts,
Uncertainty Non s1mu1at10n§ 5= L2... ’ S. . but how confident it is in those predictions.
Quantification Mean Prediction and Prediction Variance: This is crucial for trading because knowing
15 » uncertainty helps with size positions and
V=3 Y y® manage risk properly
s=1
oy2s = 11.5(y(s) —9)2
Where:
Z; is the normalized value for input X_j
1% ) s (1 I(X j) is intensity or value of the input X_j
Z-score Non 7. — ( j ( shadow) i . . . t .
| = T e(hadow) max( shadqw) is maximum intensity among
shadow pixels
o(Ishadow) is standard deviation of
intensities in the shadow region
Regularization Loss is a crucial component
that prevents the cryptocurrency models
Regqularization Non Ltotal = LMSE+Ap € ®©Y || p H% from overfitting—which is especially
Loss where A = 0.01 is the weight decay parameter. important in volatile crypto markets where

overfitted models can lead to catastrophic
trading losses.
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Metric
Model
Function Abbreviation Equation Description
Indicator
Parameter
The Sharpe Ratio of Predictions is a crucial
metric that demonstrates whether a
Sharpe Ratio of rt,pred = P' —1P'/P' —1 cryptocurrency model’s predictions would
- Non _ E[rpred) . L
Predictions Sharpeyeq = b X /252 actually make money in real trading—and
pre o(rpred) .
how much risk one would take to get
those profits.
The final prediction is obtained through an
. . . ) ensemble of K trees, where
Additive Model Non yi=¢(xi) =k =1Y Kfk(xi) fk € Ff, € Ffk € F represents the k-th
tree function.
Gradient At iteration ¢, the model is updated, where
Boostine Update Non yi(t) =yi(t—1) +nft(xi) 1 is the learning rate and ft is the tree
g =P added at iteration tt t.
fvileie:Rlsoo: }u;jm];es é%g,oovey n periods RSI is a momentum oscillator that
. t ™ “Average Loss over n periods measures the speed and change of price
Relatioe RSI h 1 ts. It oscillates between 0 and 100
Strength Index Average Gaint =1 ¥ max(P, — P,_;,0) movements. It oscillates between 0 an
i=t—n+1 and helps identify overbought and
; o
Average Loss; =1 ¥ max(P_; — P;,0)A oversold conditions in any market.
i=t—n+1
where EM An(Pt) is the exponential
moving average. MACD is a momentum
Moving Average MACDt = EMA12(Pt) — EMA26(Pt) oscillator that shows the relationship
Convergence MACD Signalt = EMA9(MACDt) between two moving averages of a
Divergence Histogramt = MACDt — Signalt security’s price. It is designed to reveal
changes in the strength, direction,
momentum, and duration of a trend.
Exponential EMAn(Pt)  EMAt = aPt + (1 — a)EMAt — 1 with a = ;2
moving average
] Bollinger Bands are a volatility-based
BBmiddle, t = SMA”(P t) technical indicator that creates a “channel”
BBupper,t = BBmlzddle, t+k-on(Pt) around price movements. They consist of
Bollinger Bands Non BBlower, t = BBmiddle,t — k - on(Pt) three lines that adapt to market
where 0, (P;) = \/ %Zf: fonal (p; — SMAn(Pf))2 volatility—when volatility increases, the
and k=2 bands widen; when volatility decreases, the
bands narrow.
This represents a feature vector at time ¢,
%= [PtOPen Pthigh Ptlow Ptdose D o of’Fen used in financial time ser.ies modeling.
Features vector Non It includes price data (open, high, low,
RSIy MACD: B BPOStft] close), volume, and technical indicators like
RSI, MACD, and Bollinger Band position.
Volatility measures how much prices
fluctuate around their average. High
volatility = wild price swings, low volatility
Volatility Non Volatility = \/ T (=7 = stable prices. In our case we used
Features multiple windows; at 5 days: Captures

where ri = P‘%P’l*l are the returns
-

immediate market stress; at 20 days:
Standard monthly volatility; and at 50 days:
Longer-term risk assessment.
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Metric
Model
Function Abbreviation Equation Description
Indicator
Parameter
Hyperparameter Optimization based on
Optuna which is a Tree-structured Parzen
p(0|y) < {1(0) ify < yx Estimator (TPE) framework allowing the
Optuna Non {g(0) ify > yx cryptocurrency models to automatically
where y* is a quantile of observed values, and discover the optimal settings, dramatically
1(0), g(0) are kernel density estimators. improving performance while requiring far
fewer computational resources than
brute-force approaches.
Acquisition Function is the “brain” of TPE
that decides which hyperparameters to try
next. It is like having a smart assistant that
Acauisiti looks at all previous experiments and
cquisttion N EI(f) = [ —ooy* (y* —y)p(y | 0)d basically says “Based on what we have
Function on yry==yry Y ysays .
learned, THIS is the most promising
combination to try next”. The next
hyperparameter configuration is chosen by
0t +1 = argfmaxg(0)1(6)
For k-fold time series cross-validation: The applied time-series cross-validation
Time-Series Tra%nin.g set: {(x1,y1),---, (Xn, yn;)} framework ensures that the used
o Non Validation set: cryptocurrency models are tested under
Cross-Validation { ( Xnt1, Yn, +1)/ N G S )} realistic conditions, giving confidence that
whelfe ni — |k + 1i-n] for fold i at 75% accuracy in backtesting might
actually translate to 75% accuracy in live
o CVscore = % Z{»‘Zl 12 trading—rather than the devastating
Cross-Validation Non where , surprise of 25% accuracy to be represented
Score R2 — 1 _ Liefoud (vi=v;) as “95% accurate” regular-CV model meets
! Yjefold; (v—w) the real world.
y =L Kyfk(x) =k =1LKyj =
1y Jkwk, jI(x € Rk, f)
where
Model Ensemble Ensemble K is the number of boosting rounds Combining XGBoost + LSTM +
Formulation Jk is the number of leaves in tree k GARCH-DL predictions
wyj is the weight of leaf j in tree k
Rk,j is the region corresponding to leaf j in tree k
I(+) is the indicator function
JB = g(sz LSO
where S is skewness and K is kurtosis of
residuals
S=(1/n) x Z[(xi — x)/c]? Jarque-Bera Normality Test is a crucial
S = 0: Perfectly symmetric (like normal statistical test for validating cryptocurrency
distribution) models. Based on whether the data (like
Jarque—Bera Nor 5> 0: Right-skewed (positive skew)—long tail  returns or residuals) follows a normal

Normality Test

on right

S < 0: Left-skewed (negative skew)—long tail
on left

K = 3: Normal distribution (mesokurtic)

K > 3: Fat tails (leptokurtic)—more extreme
events

K < 3: Thin tails (platykurtic)—fewer extreme
events

distribution—which has major implications
for risk management and model reliability.
In our case left skewness, leptokurtic with
fat tail.
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Metric
Model
Function Abbreviation Equation Description
Indicator
Parameter
This Ljung-Box framework can provide
insights into whether the cryptocurrency
models are missing predictable patterns or
Ljung—Box I PA]% if the 'trading me?rlfets .actually have
Autocorrelation Non Qrp = n(n+2) ; p— fexplo.ltable 1neff1c1?nF1es—crgC1al .
Test here 6. is the sample autocorrelation at lag k. 1ntell1g.ence for bulldmg profitable trading
WRETE ) 15 p & strategies In our case Ljung—-Box test
& jung
(returns, lags 1-10): Significant
autocorrelation found at lags: [1, 2, 3,4, 6,7,
8,9, 10].
Directional Accuracy is one of the most
T . 5 practical and intuitive metrics for
Directional PA = tgz I(sign(ay,) = sign(Ay,)) Crz}l.[)togurrency p?ed.liction quels. While
Accuracy Non whgre o ' R~ indicates prediction precision,
I() is the indicator function and Directional Accuracy corresponds with
Ayt =yt — yr1 trading profitability—which is often more
important.
Root Mean RMSE (00 RMSE is the standar.d dgviation of errors.
Square Error n Lower RMSE value indicates better fit.
Mean Absolute 0l | MAE is the abso.lute difference between the
Error MAE sl st ] measured and simulated values. Lower
MAE values indicate lower error.
R2 provides the intensity of the relationship
Coefficient of - B ) between measured and simulated values.
D L R? { L (Q-Q)(2—Q) } Its value ranges from 0 to 1, closer to 0
etermination — — . .
\/ i (Q-Q) \/ Y (Q-Q) shows lower correlation, while close to 1
represents high correlation.
Mean Square N MSE represents the difference between
Error MSE % Y (yi — 9)2 original and predicted values, extracted by
i=1 squaring the mean difference in the dataset.
This is an indicator used to evaluate the
accuracy of a forecasting model. MAPE
measures the average percentage difference
R between predicted and actual values.
lzlﬂei(z:ngbs:?::or MAPE MAPE = l g y(t) =9 () ’ MAPE is often expressed as a percentage.
8 t=1 y(t) This is particularly useful when it is

necessary to understand the accuracy of a
model relative to the scale of the data being
measured.
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Appendix B
Enhanced LSTM Architecture with Attention Mechanism
Component Colors Data Flow
B Purple Blue: LSTM Encoder =~ Green: Input Data Flow
[ Pink Red: LSTM Decoder - Blue: Hidden State Flow
Light Diva: Processing Purple: Attention Weight
| Teal: Attention Mechanisms ~ ====e Dashed: Skip Connections

Time Step 1 »e/;:u;;ﬁm

Time Step 2, = [

LSTM Internal Attention Layer Batch

Gates Structure Mechanism: Normalization

Core Gate Mechanisms: * Query: Process:

* Forget Gate: Current decoder * Mean Centering:
Determines what info to hidden state Subtract batch mean
discard from cell state * Key: from inputs

¢ Input Gate: All encoder * Variance Scaling:
Decides which values to hidden states Divide by batch
update in cell state * Attention Weights: standard deviation

* Output Gate: Softmax of * Scale & Shift:
Controls what parts of similarity scores Apply learnable
cell to output parameters
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