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Abstract

Accurate forecasting of Bitcoin dynamics is essential for digital asset management. While
existing literature primarily focuses on market price prediction using ensemble and deep
learning, this study extends the frontier by analyzing high-dimensional on-chain transaction
data. We present a comparative evaluation of XGBoost, LSTM, and Graph Neural Networks
(GNN), specifically investigating the impact of Principal Component Analysis (PCA) on model
stability. Our findings reveal a 'PCA Paradox': while dimensionality reduction enhances the
performance of GNN and LSTM by filtering noise, it marginally reduces the precision of
XGBoost. Results show that XGBoost achieves the highest numerical accuracy (RMSE: 0.018),
whereas GNN and LSTM provide superior trend stability. This research provides critical
insights into feature engineering for blockchain-based financial systems.
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The rapid evolution of the cryptocurrency market has transformed digital assets into a
cornerstone of modern financial systems. However, the inherent volatility and non-stationary
nature of these assets pose significant challenges for accurate prediction. ( Bouteska et al., 2024)
, has emphasized the shift from traditional statistical models to advanced machine learning
paradigms, demonstrating that ensemble and deep learning methods offer superior capabilities
in capturing the complex, non-linear dynamics of digital currencies.

Despite these advancements, most existing studies primarily focus on market price forecasting
using exchange-based data. There is a notable lack of research that integrates on-chain
transaction metrics with structural analysis (Akcora et al., 2019). Furthermore, while the
comparative performance of models like XGBoost and LSTM has been explored in price-action
contexts, their stability and behavior when processing high-dimensional blockchain data remain
under-investigated. Specifically, the role of dimensionality reduction techniques, such as
Principal Component Analysis (PCA), is often treated as a mere preprocessing step rather than
a critical factor influencing model decision boundaries.

This study addresses these gaps by evaluating three distinct architectures-XGBoost, LSTM, and
Graph Neural Networks (GNN)-applied to large-scale Bitcoin transaction datasets. Our
contribution is twofold: first, we introduce GNNs to model the relational structure of blockchain
transactions, providing a more holistic view than traditional time-series models. Second, we
provide a rigorous assessment of the 'PCA Paradox," analyzing how feature compression affects
the precision of boosting models versus the stability of recurrent and graph-based architectures.

The prediction of Bitcoin dynamics and transaction values has been a focal point of recent
financial technology research. Early studies primarily employed statistical methods; however,
the shift towards Machine Learning (ML) has significantly enhanced predictive accuracy.
Recent comprehensive analyses, such as the work by (Bouteska et al., 2024) ,have demonstrated
that advanced paradigms-specifically ensemble learning (e.g., LightGBM) and deep learning
(e.g., GRU and LSTM)-outperform traditional benchmarks by capturing non-linear market
patterns (Bentéjac et al., 2021). Researchers have extensively utilized XGBoost for its
efficiency with structured tabular data and LSTM networks for capturing long-term temporal
dependencies in blockchain time-series data (Hossain & Kaur, 2024 ; Hochreiter &
Schmidhuber, 1997). Furthermore, Graph Neural Networks (GNN) have recently gained
traction due to their unique ability to model the complex, interconnected nature of blockchain
transaction graphs, moving beyond simple time-series to structural analysis (Hochreiter &
Schmidhuber, 1997 ; Ferretti et al., 2025).

Despite the power of these models, the high dimensionality of blockchain datasets remains a
significant challenge. Several studies have explored dimensionality reduction to mitigate the
‘curse of dimensionality.' For instance, the application of Principal Component Analysis (PCA)
in financial markets has been shown to filter out noise and identify latent factors that drive asset
behavior (Jolliffe & Cadima, 2016). In the context of Bitcoin, previous works have
demonstrated that reducing the feature space can prevent overfitting, especially when dealing
with volatile datasets extracted from sources like Google BigQuery.

However, a critical gap remains in understanding how PCA-driven feature compression
specifically affects the decision-making stability of different architectures. This research builds
upon these existing works by conducting a rigorous comparative analysis. While previous
literature often focuses on single models or raw datasets for price forecasting, this study
contributes a dual-phase evaluation-comparing baseline performance against PCA-optimized
models across three distinct architectures (XGBoost, LSTM, and GNN). This approach
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specifically highlights the 'PCA Paradox', demonstrating how maintaining high data variance
through principal components can drastically reduce numerical error (RMSE) in some models
while necessitating a trade-off in others, thereby ensuring model robustness for real-world
applications."

This section outlines the systematic framework employed to investigate the impact of
dimensionality reduction on the predictive performance of machine learning models within the
Bitcoin ecosystem. The methodology follows a structured pipeline: data acquisition,
preprocessing, the application of Principal Component Analysis (PCA), and model evaluation.
The research adopts a comparative approach, structured into two distinct experimental phases
designed to evaluate the influence of dimensionality reduction on Bitcoin transaction
forecasting.

The dataset was programmatically retrieved from the Google BigQuery Public Bitcoin Dataset.
We extracted a focused sample of 2,500 Bitcoin transactions to ensure a high-quality analysis
of network behavior. The raw features included multidimensional blockchain metrics such as
input_count, output_count, transaction_fee, size, and input_value. The primary objective was
to predict the output_value (Regression) and identify transaction trends (Classification).

To ensure numerical stability and model convergence, the raw data underwent rigorous
preprocessing:

o Data Cleaning: Handling missing values through imputation to maintain dataset
continuity.

e Z-score Standardization: Since blockchain features operate on vastly different scales
(e.g., transaction fees vs. input counts), we applied standardization to transform features
to a mean of zero and a standard deviation of one ($\mu=0, \sigma=1$). This step is
mathematically essential for the subsequent application of PCA.

Principal Component Analysis (PCA) is a dimensionality reduction technique used to transform
a large set of variables into a smaller one that still contains most of the information in the large
set. This is achieved by transforming the original variables into a new set of uncorrelated
variables, known as principal components, which are ordered by the amount of variance they
explain. By focusing on the components with the highest variance, PCA helps to simplify the
data, reduce computational cost, and improve the performance of predictive modeling. The
implementation of PCA in this framework follows the recommendations of (Jolliffe & Cadima,
2016)who emphasized that dimensionality reduction is a robust method for filtering out
financial noise and identifying latent structures within high-dimensional datasets. A core
component of this methodology is the application of PCA to mitigate the "curse of
dimensionality” and reduce multicollinearity among raw blockchain features. We transformed
the feature space into four Principal Components (PCs), a decision justified by the following
criteria:

e Variance Retention: The selection of four components successfully retained 99.92%
of the total dataset variance. According to the Cumulative Explained Variance analysis,
these components capture the essential structure of Bitcoin transaction dynamics while
discarding high-frequency market noise.
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e Information Density: This reduction allows the models to focus on the most significant
underlying patterns rather than isolated transactional outliers, bridging the gap between
computational efficiency and predictive accuracy.

o Model Stability: By reducing input dimensions, we enhanced the convergence stability
of deep learning architectures (LSTM and GNN), preventing overfitting in a highly
volatile data environment.

3.4 Experimental Framework: The Two-Phase Approach
The overall workflow of the proposed methodology is illustrated in Figure 1. To rigorously
validate the benefits of feature reduction, the experiment was conducted in two stages:

o Phase | (Baseline Study): The machine learning models-XGBoost, LSTM, and Graph
Neural Networks (GNN)-were trained on the full raw dataset. This established a
performance baseline for traditional forecasting.

e Phase Il (PCA-Optimized Study): The same models were trained using the PCA-
transformed data (4 PCs). This phase aimed to evaluate how a simplified feature space
affects prediction error and computational efficiency.

Al Model

I*|+

Figure 1: Research Methodology Flowchart.

3.5 Evaluation Metrics
The performance of both phases was quantitatively assessed using:
1. Root Mean Square Error (RMSE): To measure the precision of the output_value
predictions.
2. F1-Score: To evaluate the robustness of the models in classifying transaction trends.

3.6 Model Configurations and Hyperparameters

To ensure the reproducibility of the results and achieve optimal convergence, specific
hyperparameters were tuned for each architecture. The configurations were maintained
consistently across both Phase | (Raw) and Phase 11 (PCA).

3.6.1. XGBoost (Extreme Gradient Boosting)
XGBoost was utilized for its efficiency in handling tabular blockchain data. As highlighted by
(Bentéjac et al. 2021) , this algorithm maintains a high level of scalability and predictive
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accuracy, making it a reliable benchmark for financial time-series forecasting. The model
achieved its peak precision (RMSE: 0.038) using the following parameters:

o Learning Rate (n): 0.1 to ensure steady convergence and prevent overfitting.

e Max Depth: 6, to capture complex feature interactions without losing generalization.

o Objective: reg:squarederror for precise output value estimation.

To capture temporal dependencies within the 2,500 transaction sequences, the LSTM network
was structured as follows:
e Input Layer: Configured to match the feature dimensions (5 for raw, 4 for PCA)
o Hidden Layers: 2 layers with 64 and 32 units respectively, utilizing the ReLU
activation function.
o Optimizer: Adam, with a learning rate of 0.001 to ensure stable convergence during
trend classification.

The GNN was implemented to model the interconnected nature of the transaction graph. Unlike
traditional architectures that focus solely on temporal patterns, this model utilizes Graph
Convolutional Network (GCN) layers to aggregate features from neighboring transaction
nodes. This approach provides a more holistic structural analysis, complementing the
comparative frameworks recently established in cryptocurrency forecasting literature
(Bouteska et al., 2024).Interestingly, the shift to PCA-optimized data served as an effective
noise filter for this architecture, reducing the RMSE significantly from 3.36 to 1.42.

The quantitative results of the two-phase experimental framework are summarized in Table 1.
These metrics provide empirical foundation for evaluating the trade-offs between using raw
blockchain features and PCA-optimized components.

Table 1: Comparative Performance Metrics of AI Models

Model Experimental Phase RMSE (Accuracy) | F1-Score (Robustness)
XGBoost | Phase | (Raw Features) 0.038 1.00
Phase Il (PCA Optimized) 0.625 0.968
LSTM Phase | (Raw Features) 1.20 0.853
Phase Il (PCA Optimized) 1.62 0.888
GNN Phase | (Raw Features) 3.36 0.941
Phase Il (PCA Optimized) 1.42 0.909

The predictive performance for estimating transaction values (output value) was quantitatively
assessed using the Root Mean Square Error (RMSE). The results revealed a significant
divergence in performance between the two experimental phases:

e Phase I (Raw Features): The XGBoost (implemented via Gradient Boosting) model
demonstrated superior precision, achieving a remarkably low RMSE of 0.038. This
high accuracy 1is attributed to the successful application of Logarithmic
Transformation and Robust Scaling, which effectively stabilized the high variance
inherent in Bitcoin transaction values. In contrast, the GNN and LSTM models
exhibited higher error rates (3.36 and 1.20, respectively), suggesting that tree-based
boosting algorithms are more inherently suited for handling tabular blockchain data in
its raw form.
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o Phase Il (PCA Optimized): Following the application of PCA, a general increase in
RMSE was observed for the top-performing XGBoost model (0.625). However, a
notable finding was the improvement in the GNN model, whose RMSE dropped from
3.36 to 1.42. This indicates that while dimensionality reduction may discard fine-
grained signals necessary for XGBoost, it acts as an effective noise filter for deep
learning architectures, enhancing their overall convergence.
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Figure 2: RMSE Comparison between Phase I and Phase 11
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4.2. Model Robustness in Trend Classification
To evaluate the models' ability to distinguish between high-value and low-value transaction
categories, the F1-Score was employed as a measure of classification robustness.
o The XGBoost model maintained near-perfect performance in Phase I (F1 = 1.00) and
remained highly reliable in Phase II (F1 = 0.968).

o Interestingly, the LSTM model’s F1-Score improved from 0.853 to 0.888 after the PCA
transformation. This suggests that projecting features into a principal component space
allows Recurrent Neural Networks to better capture global "market trends" by focusing
on significant variance rather than local stochastic fluctuations.
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Figure 3: F1-Score Robustness for Trend Classification
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The Scree Plot analysis confirmed that the first four principal components successfully
accounted for over 99.9% of the total dataset variance. Despite this near-total retention of
statistical information, the degradation in XGBoost's precision highlights a critical insight: in
cryptocurrency forecasting, the remaining 0.1% of variance often contains essential "micro-
signals" required for precise value estimation.

PCA Variance Retention

1.00

0.99

1.0 1.5 20 25 30 35 4.0
Components

Figure 3: PCA Scree Plot showing Cumulative Variance Retention

While this research provides significant insights, it is important to acknowledge certain
limitations. First, the sample size of 2,500 transactions, although sufficient for this comparative
analysis, represents a snapshot of the vast Bitcoin ecosystem. Larger datasets might further
enhance the training of deep learning architectures. Second, the use of PCA as a linear
dimensionality reduction technique may have filtered out some non-linear micro-signals that
tree-based models like XGBoost rely on for extreme precision, which explains the observed
increase in RMSE for that specific model.

This research presented a comprehensive comparative study of machine learning models-
XGBoost, LSTM, and GNN-for predicting Bitcoin transaction values across two distinct
phases. The study concludes that:

o Data Preprocessing is Key: The application of Logarithmic Transformation and
Robust Scaling was fundamental in stabilizing the highly volatile blockchain dataset,
leading to significantly higher predictive accuracy.

e Model Superiority: XGBoost emerged as the most precise model in Phase I with a
minimal RMSE of 0.038, proving its robustness in handling high-dimensional tabular
data.

e The PCA Paradox: While PCA successfully retained 99.92% of the data variance, it
led to a decrease in numerical prediction accuracy for boosting models. However, it
acted as an effective noise filter for deep learning models like GNN and improved the
trend-classification capabilities of LSTM.

e Trend vs. Value: Dimensionality reduction is more suitable for trend classification

(identifying market direction) rather than exact value estimation, where raw features
hold critical micro-signals.
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Building on the findings of this study, several avenues for future research are proposed:

1.

Hybrid Modeling: Developing a hybrid ensemble model that combines the precision
of XGBoost with the temporal feature extraction of LSTM to enhance both short-term
and long-term predictions.

Real-time Streaming Data: Expanding the system to handle real-time Bitcoin
transaction streams using technologies like Apache Kafka to test the models' latency
and adaptability to live market shifts.

Advanced Feature Engineering: Incorporating external macro-economic indicators
(e.g., global inflation rates, S&P 500 volatility) and on-chain metrics (e.g., whale
movement alerts) to improve the contextual understanding of the models.

Explainable AI (XAI): Applying techniques such as SHAP or LIME to interpret the
decision-making process of the XGBoost model, providing deeper insights into which
blockchain features (e.g., fees vs. size) most influence transaction values.
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