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Abstract: The rapid growth of cryptocurrency, particularly Bitcoin, has introduced high-return
investment opportunities accompanied by extreme price volatility, posing challenges for accurate
forecasting. Previous studies have applied various machine learning models for Bitcoin price
prediction; however, limited attention has been given to how different training data horizons affect
model performance and generalisation. This study addresses this gap by comparing three machine
learning algorithms: Linear Regression (LR), XGBoost, and Long Short-Term Memory (LSTM). The
analysis examines different training periods, with a primary focus on a 3-year training scenario.
Historical Bitcoin data (1-minute intervals) from Kaggle was aggregated into daily observations
and processed using strict chronological splitting (80:20) without data leakage. Feature engineering
was applied using lag-based variables, moving averages, and volatility indicators, whilst LSTM
utilised sequence windowing with 30-60 time steps. Empirical results from the 3-year training
scenario show that LR and XGBoost achieve strong predictive performance (R2 = 0.9757 and
0.9667), whilst LSTM performs moderately (R2 = 0.72) with higher prediction errors. Additional
exploratory experiments on shorter training horizons (e.g., 6 months) indicate a decline in
performance across models, reflected in unstable generalisation and negative R2 values on test data,
suggesting overfitting. However, directional accuracy remains above 55% in the primary scenario.
These findings suggest that model performance is sensitive to the length and stability of historical
data. Whilst simpler models such as linear regression and tree-based methods demonstrate
consistent performance in the evaluated setting, conclusions regarding model superiority should be
interpreted within the scope of the experiment.
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1. Introduction

Advances in digital technology have driven significant transformation in the financial sector,
one example being the emergence of cryptocurrency as a decentralised digital asset. Bitcoin, as
the leading cryptocurrency, has demonstrated rapid growth in terms of both market
capitalisation and user adoption; however, it is characterised by extremely high price
volatility[1], [2]. This makes predicting cryptocurrency prices a complex challenge, as price
movements are influenced by non-linear factors such as market sentiment, demand dynamics,
and global macroeconomic conditions.

Various approaches have been used to model cryptocurrency price movements, ranging from
conventional statistical methods to machine learning. Models such as linear regression, decision
tree-based methods, and deep learning techniques like Long Short-Term Memory (LSTM) have
demonstrated an ability to capture patterns in time-series data[3], [4]. However, previous
research findings remain inconsistent, particularly regarding the relative performance of
different models. Some studies report the superiority of LSTM in capturing long-term
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dependencies, whilst others suggest that simpler models can deliver competitive performance,
particularly under conditions of limited data or unstable distributions.

Nevertheless, there is a significant limitation in previous research, namely the lack of
comparative analyses that systematically evaluate model performance across different training
horizons using consistent evaluation protocols. Most studies have used only a single data period
without exploring how variations in the length of historical data affect the model’s
generalisation ability. Furthermore, methodological issues such as data leakage, lag-based
feature selection, and the use of chronological data splitting are often not strictly accounted for,
which may potentially affect the validity of the results.

Given this gap, this study aims to evaluate the performance of three main approaches Linear
Regression (LR), XGBoost, and LSTM in predicting Bitcoin prices, taking into account
variations in the length of the training data. Specifically, this study focuses on a 3-year training
scenario as the main experiment, with additional exploration of shorter time horizons. Historical
Bitcoin data was obtained from the Kaggle platform in high resolution and processed into daily
data, then analysed using a lag-based feature engineering approach and chronological data
splitting without data leakage.

The main contribution of this study lies in the development of a structured comparative
experimental framework to evaluate the performance of three key machine learning approaches
namely, linear models (Linear Regression), ensemble tree-based models (XGBoost), and deep
learning models LSTM in the context of Bitcoin price prediction. Unlike most previous studies,
which tend to evaluate models within a single specific data configuration, this study
systematically compares model performance within a consistent experimental framework,
thereby enabling a fairer and more controlled analysis of the relative strengths of each approach.
Furthermore, this study also contributes to examining the influence of training data length
(training horizon) on prediction accuracy and model generalisation ability, a topic that has been
relatively rarely discussed explicitly in the previous literature.

This study also employs a rigorous evaluation protocol to ensure the validity of the results,
including the use of lag-based features to avoid data leakage, as well as a chronological split
that aligns with the characteristics of time series data. This approach aims to replicate real-
world conditions in price prediction, where models have access only to historical information
when making predictions. Consequently, the research findings are expected not only to make
an academic contribution but also to have practical relevance for the development of more
reliable cryptocurrency price prediction systems.

Based on these objectives, the research question in this study is: how do Linear Regression,
XGBoost and LSTM perform in predicting Bitcoin prices under specific training scenarios
using historical features, to what extent variations in training data length affect the accuracy,
stability, and generalisation ability of each model, and which model demonstrates the most
consistent and robust performance in dealing with the volatile, non-linear, and not entirely
stationary characteristics of Bitcoin data. Furthermore, this study also implicitly explores
whether model complexity is always directly proportional to improved performance, or whether
simpler models can actually deliver more optimal results under certain conditions.
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2. Literature Review

Cryptocurrency is an innovation in the digital financial system that utilises blockchain
technology to enable decentralised, transparent and secure transactions without
intermediaries[5]. Among the various cryptocurrencies, Bitcoin has been the primary focus of
much research due to its market dominance and the availability of extensive historical data.
However, Bitcoin’s characteristics including high volatility, non-normal return distributions,
and sensitivity to market sentiment make the process of price prediction a complex
challenge[6].

In the context of price modelling, traditional statistical approaches such as linear regression
have limitations in capturing non-linear relationships and complex dynamics in financial time-
series data. Nevertheless, linear models are still frequently used as a baseline due to their
advantages in terms of interpretability, stability, and relatively lower data requirements. Under
certain conditions, particularly when data is limited or non-stationary, linear models can deliver
competitive performance compared to more complex models.

Advances in machine learning have led to the use of more flexible models for predicting
cryptocurrency prices. One widely used approach is ensemble-based methods such as XGBoost,
which are capable of capturing non-linear relationships and interactions between features
through boosting and regularisation mechanisms. These models are also known to be relatively
robust against outliers and changes in data distribution, and are therefore frequently applied to
various tabular data-based prediction problems, including in the field of finance[3], [7].

Long Short-Term Memory, as part of the recurrent neural network architecture, is designed to
model long-term dependencies in sequential data. LSTM has the ability to retain historical
information through gating mechanisms, making it theoretically superior to static models in
capturing complex temporal patterns. Consequently, LSTM is widely used in time series
forecasting, including cryptocurrency price forecasting.

Nevertheless, the results of empirical research on the performance of LSTMs in Bitcoin price
prediction remain inconsistent. Some studies report that LSTMs are capable of improving
prediction accuracy by utilising long-term temporal dependencies[8]. However, other studies
indicate that LSTM performance is highly dependent on the quantity and quality of training
data, and is vulnerable to changes in data distribution. Under conditions of limited or unstable
data, simpler models such as linear regression or tree-based models may actually yield more
stable and competitive results.

Furthermore, most previous studies have tended to evaluate models on a single training data
configuration without systematically exploring the influence of historical data length on model
performance. Yet, in the context of time series, the length of the training data plays a crucial
role in determining the model’s ability to capture long-term patterns and generalise to new data.
The lack of research in this area has resulted in a limited understanding of the optimal conditions
for using each model.

Based on this review, this study focuses on a comparative analysis of Linear Regression,
XGBoost and LSTM in predicting Bitcoin prices, taking into account variations in the length
of the training data. Furthermore, this study also applies a rigorous evaluation protocol through
the use of lag-based features and chronological data splitting without data- -leakage. This
approach is expected to provide a more comprehensive understanding of the relationship
between data characteristics and model performance.
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3. Methods

This study employs a quantitative approach with a comparative experimental design to evaluate
the performance of machine learning models in predicting Bitcoin prices across various training
data horizons. In general, this study considers three training data length scenarios, namely 12
years, 3 years, and 6 months, with the main focus of the analysis on the 3-year scenario, whilst
the other scenarios are used as supplementary evaluations to observe the model’s sensitivity to
the availability of historical data. The data used consists of historical Bitcoin price data obtained
from Kaggle (“Bitcoin Historical Data Bitstamp Exchange”) with a 1-minute resolution,
covering the period from 1 January 2012 to 12 April 2026, comprising a total of 7,507,845 rows
consisting of the attributes Timestamp, Open, High, Low, Close, and VVolume.

The pre-processing stage begins with converting timestamps to the datetime format and setting
them as the time index. Next, data quality is checked by identifying and removing duplicate
data based on timestamp similarity, whilst missing values are not found in the dataset. The data
is then converted from minute-by-minute resolution to daily data through a resampling process
using OHLC aggregation, where the Open value is taken as the first value, High as the
maximum value, Low as the minimum value, Close as the last value, and VVolume as the total
daily transactions. No explicit outlier handling was performed as extreme fluctuations are
considered an inherent characteristic of the cryptocurrency market. For modelling purposes,
particularly for neural network-based models, normalisation was carried out using the Min-Max
scaling method within the range [0,1], whilst the Linear Regression and XGBoost models used
the data in its original scale. The result of this stage yielded 5,216 daily data observations.

During the feature engineering stage, all features were constructed with the primary principle
of avoiding data leakage, namely by using only information from previous time periods (t-1 or
earlier). In total, there are 23 features reflecting various aspects of price movements, including
historical values (lag features), volatility indicators, momentum returns, moving average-based
trends, price-to-moving-average ratios, volume indicators, and calendar features such as the day
of the week and the month. The selection of these features is based on a common approach in
financial time series analysis that emphasises the importance of historical information, trend
patterns, and volatility in predicting price movements.

Data splitting is performed chronologically without randomisation to preserve the time series
structure and avoid data leakage. In each scenario, the training data is determined based on the
horizon length used namely 12 years, 3 years, or 6 months whilst the test data uses the six-
month period following the training data. Consequently, the data split does not follow a fixed
ratio such as 80:20, but is time-based. The 3-year training scenario is used as the main
experiment, with approximately 1,000 training observations and around 180 test observations.

This study utilised three main algorithms: Linear Regression (LR) as a linear baseline model,
XGBoost as an ensemble tree-based model capable of capturing non-linear relationships, and
Long Short-Term Memory (LSTM) as a deep learning model for sequential data. The XGBoost
model was implemented with standard parameters such as 100 estimators, a maximum depth of
6, a learning rate of 0.1, and a subsample of 0.8. , the LSTM model was built with a single
LSTM layer containing 50 units, using the tanh activation function, the Adam optimiser, and
the Mean Squared Error loss function, and was trained for 50 epochs with a batch size of 32.
To prevent overfitting, a dropout rate of 0.2 and an early stopping mechanism were applied,
with an input sequence length of 30 timesteps.

All models were trained without extensive hyperparameter tuning; consequently, the research
focused on comparing model performance and the impact of training data length on prediction
results. Model evaluation was conducted using several metrics, namely Mean Absolute Error
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(MAE), Root Mean Squared Error (RMSE), the coefficient of determination (R?), and
Directional Accuracy (DA) to measure the accuracy of price movement direction. A negative
R2 value on the test data is interpreted as an indication that the model is unable to generalise
well compared to a simple baseline, which in this context relates to overfitting or model
instability due to limitations in the training data.

4. Results and Discussion

The characteristics of Bitcoin data, based on preliminary analysis, indicate very significant and
exponential growth, rising from approximately $4.38 at the start of 2012 to reach $124,728 in
April 2026. Bitcoin’s daily returns have an average of 0.2688% with a standard deviation of
4.05%, as well as a rather extreme range, from -53.84% to +35.81%. The return distribution
also shows negative skewness and high kurtosis, indicating the presence of fat tails or extreme
risk. These characteristics are consistent with the literature stating that the cryptocurrency
market has high volatility and a non-normal distribution, making the prediction process
difficult[9]. Furthermore, the non-linear and non-stationary nature of Bitcoin data poses a major
challenge in machine learning-based time series modelling[10].

Table 3. Model Results — 3-Year Training

Model MAE (USD) RMSE (USD) R DA (%)
Linear Regression  1,595.84 2,210.21 0.9757 55.87
XGBoost 1,918.82 2,589.89  0.9667 57.54
LSTM 6,192.53 7,510.16  0.7200 43.02

In the 3-year training scenario as the main experiment, the results showed that Linear
Regression (LR) and XGBoost were able to achieve high performance with R? values of 0.9757
and 0.9667, respectively. LR produced lower prediction errors, whilst XGBoost demonstrated
superiority in Directional Accuracy. Meanwhile, LSTM demonstrated lower performance with
an R2 of 0.72 and a higher error rate. These findings are consistent with previous research
indicating that models such as XGBoost are effective in handling non-linear relationships in
financial data.

However, the superiority of linear regression in this study demonstrates that under certain
conditions particularly when lag-based features and short-term trends are used the relationship
between the input variables and the target variable can be fairly stable and close to linear. This
enables simple models to deliver competitive results with a lower risk of overfitting. Similar
findings have also been reported in comparative studies showing that simple models can
outperform complex models under conditions of limited data or unstable distributions[11].

On the other hand, the lower performance of LSTMs can be attributed to the model’s
requirement for a large and stable dataset to capture temporal dependencies optimally. LSTMs
are highly sensitive to data quality and feature engineering; consequently, under conditions of
limited data, this model tends to experience a decline in performance[14]. Furthermore, several
studies have also shown that the performance of LSTMs can improve significantly when
combined with other models in a hybrid approach[13].

Feature contribution analysis indicates that historical price variables, particularly the high and
low values from the previous period, have a dominant influence on price prediction. This
suggests that information regarding extreme price levels contains important signals regarding
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future price movements. These findings are consistent with studies emphasising the importance
of technical and historical features in cryptocurrency price prediction[10].

Furthermore, the residual analysis shows that Linear Regression has a relatively stable error
distribution, whilst XGBoost exhibits greater error variation, and LSTM has the highest
deviation. This suggests that model complexity does not always correlate directly with
improved performance, particularly in the context of financial data, which has a high level of
noise.

Additional experiments on shorter data horizons revealed a significant decline in performance
across all models. This reinforces the view that the length of the training data is a crucial factor
in determining a model’s generalisation ability, as also found in previous research on time series
forecasting for cryptocurrencies[9]. However, this study has not yet conducted formal statistical
significance tests or robustness checks; therefore, the results obtained should be understood as
empirical findings within the context of the experiments conducted.

5. Conclusions

This study evaluates the performance of three machine learning algorithms Linear Regression,
XGBoost and Long Short-Term Memory (LSTM) in predicting Bitcoin prices, taking into
account variations in the length of the training data. Overall, the results indicate that the length
of the training data horizon is a key factor influencing the models’ ability to generalise. The
models tested demonstrated varying levels of performance depending on the availability and
characteristics of the historical data used.

Over a medium-term data horizon (3 years), Linear Regression and XGBoost delivered high
and stable performance, whilst LSTM showed more moderate performance. However, over a
shorter data horizon, all models experienced a significant decline in performance, indicating
limitations in capturing patterns when data volume is insufficient. These findings confirm that
model complexity does not always correlate directly with improved performance, particularly
under conditions of limited or unstable data.

The main contribution of this study lies in providing a consistent comparative evaluation
framework for comparing linear, tree-based and deep learning models in the context of Bitcoin
price prediction, as well as in demonstrating how variations in training data length affect the
performance of each model. Furthermore, this study highlights the importance of using rigorous
evaluation protocols, such as chronological data splitting and the use of features based on past
information, to avoid bias in time series modelling.

Although the results of the study indicate that simple models such as Linear Regression can
deliver competitive performance under certain conditions, these findings must be interpreted
within the context of the experiments conducted and cannot be broadly generalised without
further testing. This study also has limitations, including the lack of extensive hyperparameter
tuning and the absence of statistical significance tests to formally compare the performance of
different models.

Therefore, further research is recommended to explore more comprehensive approaches, such
as the use of rolling window-based validation techniques, testing under various market
conditions, and the integration of trading strategy-based evaluations to assess the practical
implications of the prediction results. Furthermore, exploring advanced feature engineering
techniques and hybrid models also has the potential to improve predictive performance on
complex cryptocurrency time series data.
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