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[bookmark: _Toc229225224][bookmark: _Toc229321831]Abstract
This project explores how machine learning and deep learning techniques can be used for short term cryptocurrency price forecasting. Cryptocurrency markets are highly volatile and unpredictable, making accurate forecasting difficult for traditional statistical methods. To address this, the research develops and evaluates an AI cryptocurrency forecasting system that compares the performance of Long Short-Term Memory (LSTM), XGBoost, and a hybrid LSTM-XGBoost model using Bitcoin market data collected through the CoinGecko API.
The system combines data collection, preprocessing, feature engineering, model training, prediction generation, and comparative forecasting evaluation within a single reproducible framework. The LSTM model is used to capture patterns and dependencies over time in sequential market data, while XGBoost uses engineered features such as lagged prices and technical indicators to model nonlinear market behaviour. A hybrid approach is also implemented, where XGBoost is applied to correct residual errors from the LSTM predictions.
Model performance is evaluated using forecasting metrics including RMSE, MAE, R², and directional accuracy, alongside comparative visual analysis of prediction behaviour.
The results show that the LSTM model generally performs better than XGBoost for cryptocurrency forecasting, mainly because it is more effective at learning temporal patterns in volatile market conditions. The hybrid model provides small improvements by combining the strengths of both approaches. However, the findings also suggest that improvements in forecasting accuracy remain relatively modest due to the highly unpredictable nature of cryptocurrency markets. Overall, the research demonstrates both the potential and the limitations of AI based cryptocurrency forecasting systems and highlights the importance of evaluating models using both predictive accuracy and financial performance metrics.
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[bookmark: _Toc229321832]Chapter 1 - Introduction
[bookmark: _Toc229225226][bookmark: _Toc229321833]Introduction
In recent years, the rapid growth of cryptocurrencies such as Bitcoin and Ethereum has significantly transformed global financial markets. Rather than being governed by central authorities like traditional currencies, cryptocurrencies operate using blockchain technology. This records and verifies transactions on a decentralized and secure digital ledger. As a result, cryptocurrency markets have become one of the most structurally complex financial systems in the modern economy.
This fundamental innovation has reshaped the understanding of digital value exchange. This has introduced new opportunities for investors and researchers alike. This decentralised framework offers transparency and security but also causes prices to be highly volatile and unpredictable. As a result, the distinctive features of cryptocurrencies, including continuous trading, high volatility, and sensitivity to social sentiment, both attract institutional and retail investors seeking high returns and expose them to substantial risks, making accurate forecasting challenging.
Given the persistence of volatility and structural instability, forecasting cryptocurrency price movements requires modelling approaches capable of capturing nonlinearity, regime shifts, and high dimensional data structures.
With the increasing availability of big data from exchange platforms, blockchain networks, and social media, artificial intelligence (AI) and machine learning have emerged as promising tools for cryptocurrency analysis and prediction. Recent studies have demonstrated that AI driven systems can capture complex temporal patterns and generate more accurate forecasts than traditional statistical methods. This is particularly true for deep learning models such as long short-term memory (LSTM) networks and transformer architectures.
[bookmark: _Toc229225227]However, most existing research relies on only one type of data, usually historical price or trading volume, and overlooks other valuable signals such as on-chain activity or market sentiment. The field still lacks consistent comparative evaluation frameworks capable of fairly assessing different AI forecasting approaches under identical experimental conditions.
[bookmark: _Toc229225228][bookmark: _Toc229321834]Aim
The aim of this research is to design, develop, and evaluate an AI based cryptocurrency forecasting system that compares LSTM, XGBoost, and hybrid LSTM-XGBoost models for short-term Bitcoin price prediction using historical market data collected through the CoinGecko API. The proposed system collects, preprocesses, and transforms Bitcoin price data into suitable formats for machine learning and deep learning models. Model performance is evaluated using statistical metrics including Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), and R², alongside visual analysis of actual and predicted price behaviour. This approach aims to assess the relative accuracy, interpretability, and overall effectiveness of different AI based forecasting approaches within cryptocurrency markets.

[bookmark: _Toc229225229][bookmark: _Toc229321835]Objectives
The objectives are to:
· To critically evaluate existing cryptocurrency forecasting methods by examining current techniques and technologies. 
· Collect, clean, and prepare historical cryptocurrency market data from CoinGecko for modelling and real time evaluation.
· Design, develop, and train LSTM, XGBoost, and hybrid LSTM-XGBoost models for short-term Bitcoin price forecasting.
· Evaluate the forecasting performance of each model using RMSE, MAPE, and R².
· Compare the forecasting performance of LSTM, XGBoost, and hybrid LSTM-XGBoost models under identical experimental conditions.
[bookmark: _Toc229225230][bookmark: _Toc229321836]Problem Statement
Cryptocurrency markets are highly volatile and influenced by constantly changing market conditions. This makes short term price forecasting extremely challenging. Traditional statistical forecasting methods often struggle to capture the nonlinear and unpredictable behaviour of cryptocurrency prices. In addition, many existing studies compare forecasting models using different datasets, evaluation methods, and testing conditions, which makes it difficult to fairly assess model performance. Most research also focuses on prediction accuracy while giving less attention to how well these models perform in real trading scenarios.
This research addresses these issues by developing a controlled AI cryptocurrency forecasting system that compares LSTM, XGBoost, and hybrid LSTM-XGBoost models under the same experimental conditions. The study uses consistent datasets, preprocessing methods and evaluation metrics to provide a fair comparison between models while also assessing their forecasting effectiveness under controlled experimental conditions.
[bookmark: _Toc229225231][bookmark: _Toc229321837]Structure of the project
Chapter One introduces the research topic, aim, objectives, problem statement, and research questions.
Chapter Two reviews existing literature on cryptocurrency forecasting, traditional forecasting models, machine learning, LSTM, XGBoost, and forecasting performance.
Chapter Three outlines the research methodology, including data collection, feature engineering, model development, evaluation metrics, validation, and ethical considerations.
Chapter Four presents the system design and implementation, including hardware, software, architecture, model implementation, workflow, visualisation, and design justification.
Chapter Five presents and analyses the experimental results, comparing the forecasting and forecasting performance of LSTM, XGBoost, and the hybrid model.
Chapter Six concludes the research by summarising the findings, addressing the research questions, discussing limitations, and recommending future work.
[bookmark: _Toc229225232][bookmark: _Toc229321838]Research Questions
1. Can LSTM models improve short-term cryptocurrency forecasting accuracy compared to XGBoost? 
2. Does a hybrid LSTM-XGBoost approach improve predictive performance compared to individual models?  
3. Do improvements in statistical forecasting accuracy translate into improved forecasting behaviour and trend prediction performance?

















[bookmark: _Toc229321839]Chapter 2 – Review of Literature
[bookmark: _Toc229225233][bookmark: _Toc229321840]2.1 Introduction
This chapter critically evaluates recent research on cryptocurrency forecasting, with a focus on XGBoost and Long Short-Term Memory (LSTM) networks. It aims to examine the strengths and limitations of existing approaches, as well as identifying key gaps that support the development of an AI based cryptocurrency forecasting system. The chapter also explores different types of cryptocurrencies and the frameworks used for trend recognition. Linking these approaches to the current study to identify the most suitable techniques for implementation.
Cryptocurrency markets have evolved rapidly since the introduction of Bitcoin in 2009 introducing a new form of decentralised digital finance [1]. Cryptocurrencies were created as an alternative to traditional financial systems, allowing transactions to take place without the need for central banks or financial intermediaries. Bitcoin introduced blockchain technology, a distributed ledger system that records transactions securely and transparently across a network of computers. The success of Bitcoin led to the development of thousands of alternative cryptocurrencies. Each currency designed with different purposes, technologies, and economic models. The rapid expansion of cryptocurrencies has contributed to the wider development of decentralised digital economies. Blockchain technologies increasingly influence financial systems, digital transactions, and emerging AI driven financial applications [2]. Despite these differences, most cryptocurrencies share common characteristics including decentralisation, cryptographic security, global accessibility, and peer to peer transaction mechanisms without reliance on a central authority.
[bookmark: _Toc229225234][bookmark: _Toc229321841]2.2 Overview of Cryptocurrency Markets
Cryptocurrencies are digital assets that operate on decentralised blockchain networks. This enables peer to peer transactions without the need for a central authority [3]. Following the mainstream adoption of Bitcoin and Ethereum, cryptocurrency markets have developed into complex financial ecosystems [4]. These markets are characterised by continuous trading, global accessibility, rapid information flow, and strong reactions to investor sentiment. Unlike traditional financial markets, cryptocurrency trading takes place 24 hours a day, seven days a week, creating constant price fluctuations and continuous market activity.
[bookmark: _Toc229225235][bookmark: _Toc229321842]2.2.1 Volatility and non-stationary
One of the main characteristics of cryptocurrency markets is their high level of volatility. Research shows that cryptocurrency returns often display heavy tails, periods of volatility clustering, and sudden changes in price behaviour [5]. These characteristics make cryptocurrency data highly non stationary, meaning that statistical properties such as mean and variance can change over time. As a result, many traditional time series forecasting methods struggle to model cryptocurrency prices effectively because they often rely on assumptions of weak stationarity.
Cryptocurrency prices are also influenced by a range of external and behavioural factors. Recent research has also explored the integration of market sentiment and deep learning models to improve forecasting performance under volatile market conditions [6].
Another important factor is that advances in artificial intelligence can influence cryptocurrency valuations through speculative behaviour. This reflects how sensitive these markets are to external events that are not always directly related to financial fundamentals.
Overall, these characteristics highlight some of the limitations of traditional forecasting models and help explain why more flexible approaches, such as machine learning methods, are increasingly being explored.
[bookmark: _Toc229225236][bookmark: _Toc229321843]2.3 Traditional Forecasting Approaches
Before the widespread adoption of Artificial Intelligence based methods, financial forecasting primarily relied on statistical and econometric models. Among the most widely used approaches are the Autoregressive Integrated Moving Average (ARIMA) model and the Generalised Autoregressive Conditional Heteroskedasticity (GARCH) model. 
The ARIMA model is a statistical regression technique used to analyse the relationship between a dependent variable and its past values over time. It is commonly applied to forecast financial market movements by analysing differences between values in a time series rather than relying on the original observations. By modelling dependencies between past values and forecast errors, ARIMA captures linear patterns in time series data, making it particularly useful for identifying short-term trends in relatively stable financial markets [7].
GARCH models extend this approach by focusing specifically on modelling time varying volatility, allowing researchers to capture volatility clustering commonly observed in financial returns. While these models have been widely applied in traditional financial forecasting, their effectiveness in cryptocurrency markets is often limited. 
Despite their widespread application in traditional financial contexts, the effectiveness of ARIMA and GARCH models in cryptocurrency markets remains limited. Both approaches rely on key assumptions, including linearity and stationarity, which are often violated in cryptocurrency price series. The extreme volatility, frequent structural breaks, and inherently nonlinear dynamics of digital asset markets reduce the ability of these models to accurately capture underlying patterns.
As a result, these limitations have prompted a shift towards machine learning and deep learning techniques, which are better suited to modelling complex, nonlinear relationships and adapting to rapidly evolving market conditions.

[bookmark: _Toc229225237][bookmark: _Toc229321844]2.4 Machine Learning in Cryptocurrency Forecasting
Machine learning techniques have become increasingly important in cryptocurrency forecasting because they can capture complex, nonlinear relationships without relying on the strict assumptions required by traditional econometric models [8]. Recent studies have further demonstrated that machine learning algorithms can improve cryptocurrency forecasting performance through adaptive learning and nonlinear modelling capabilities, particularly when combined with appropriate preprocessing and feature engineering techniques [9].
Many studies suggest that machine learning and deep learning approaches often outperform models such as ARIMA and GARCH when it comes to capturing the highly dynamic nature of cryptocurrency price movements and volatility, particularly when models are carefully tuned [10]. For instance, Long Short-Term Memory (LSTM) networks have been shown to perform well in forecasting market volatility, especially when inputs such as lagged volatility and trading related variables are included.
However, despite these advances several limitations remain. A large portion of the literature still relies heavily on engineered features, such as lagged prices and technical indicators. While useful, these features can introduce implicit assumptions about how markets behave and may lead to biased results if not properly validated. In some cases, poor feature design can result in issues such as look ahead bias or the amplification of noise, which may overstate model performance on historical data.
Another limitation is that many studies focus primarily on statistical performance metrics, such as root mean squared error (RMSE), as the main measure of success. Although these metrics are useful, they do not always reflect real world trading performance. Small improvements in prediction accuracy may not lead to meaningful economic gains once factors such as transaction costs, slippage, and execution constraints are considered.
Overall, this highlights a gap between predictive modelling research and its practical application in financial markets. It suggests that future research should place greater emphasis not only on improving model accuracy, but also on developing more robust evaluation methods and considering the economic value of predictions.
[bookmark: _Toc229225238][bookmark: _Toc229321845]2.5 XGBoost for Cryptocurrency Forecasting
XGBoost is a highly optimised implementation of gradient boosting that is well suited to modelling complex nonlinear relationships in structured, tabular data [11]. Its built in regularisation techniques help reduce overfitting, while feature importance measures provide a degree of interpretability, an important consideration in financial modelling, where understanding model behaviour is often as important as predictive accuracy.
In cryptocurrency forecasting, XGBoost has shown competitive performance, particularly when supported by extensive feature engineering that captures short term price movements and market indicators [12]. However, its effectiveness depends heavily on how input variables are constructed. Because XGBoost is not inherently designed for sequential data, temporal relationships must be manually encoded through lagged variables or rolling statistics. The model itself does not automatically learn time dependencies.
This dependence on engineered features is both a strength and a limitation. Well designed features can enhance predictive performance, but poorly specified inputs may distort temporal dynamics or introduce noise. Furthermore, although XGBoost offers feature importance metrics, these do not imply causality or economic significance. A variable identified as “important” by the model does not necessarily have a genuine causal effect on price movements.
Overall, XGBoost provides strong computational efficiency, scalability, and robustness. However, its structural inability to directly model sequential memory may reduce its adaptability in highly volatile or rapidly shifting market conditions, such as those frequently observed in cryptocurrency markets.
[bookmark: _Toc229225239][bookmark: _Toc229321846]2.6 Long Short Term Memory (LSTM) Networks Forecasting
Long Short Term Memory (LSTM) networks are a specialised type of recurrent neural network designed to capture long term dependencies in sequential data [13]. They use a system of gates to control how information is stored, updated, and forgotten over time, which allows them to retain relevant patterns across longer time periods.
Recent studies suggest that LSTM models often outperform many traditional machine learning approaches in short term cryptocurrency forecasting [14]. One of their main advantages is their ability to learn temporal patterns directly from raw data thus reducing the need for extensive manual feature engineering.
Some key strengths of LSTM models include their ability to automatically capture temporal dependencies, adapt to changing market conditions such as volatility, and operate effectively with fewer engineered inputs.
However, there are also important limitations to consider. LSTM models are computationally more expensive than simpler models, can be sensitive to hyperparameter choices, and are often criticised for their lack of interpretability.
Overall, these trade offs highlight that while LSTM models are a powerful tool for time series forecasting, their practical use requires careful tuning and sufficient computational resources.
[bookmark: _Toc229225240]This research focuses specifically on short term Bitcoin price forecasting using historical market data collected through the CoinGecko API. The study compares LSTM, XGBoost, and a hybrid LSTM-XGBoost model under identical experimental conditions. The scope is limited to Bitcoin rather than multiple cryptocurrencies, as Bitcoin provides the most established and liquid dataset. The research does not attempt to provide financial advice or develop a fully deployable trading application. Instead it evaluates whether machine learning and deep learning models can improve short term cryptocurrency forecasting accuracy under controlled experimental conditions.
[bookmark: _Toc229321847]2.7 Comparative Studies of XGBoost vs LSTM Models
Recent research has increasingly focused on comparing classical machine learning methods with deep learning approaches to assess whether greater model complexity leads to meaningful improvements in forecasting performance.
Several studies suggest that LSTM models can outperform traditional and machine learning approaches in highly volatile environments due to their ability to model long term dependencies and nonlinear patterns in time series data [15]. This makes them particularly suitable for cryptocurrency markets, where price movements are often complex and unstable. However, other research shows that XGBoost can achieve comparable performance when supported by effective feature engineering, often with lower computational cost and greater interpretability [15].
Cocco et al. [16] compared multiple machine learning frameworks for Bitcoin forecasting and found that hybrid approaches often achieved stronger predictive performance than standalone models. Their findings suggest that combining different modelling techniques may improve forecasting robustness within highly volatile cryptocurrency markets.
Despite these findings, the existing literature is characterised by several methodological limitations. Many comparative studies use different datasets, time horizons, and preprocessing techniques, making it difficult to draw consistent conclusions. In addition, evaluation metrics such as RMSE and MAPE are often applied inconsistently, and few studies incorporate realistic forecasting evaluation frameworks to assess practical model performance.
A further issue is the strong emphasis on statistical accuracy as the primary measure of model performance. While models such as LSTM have been shown to achieve lower forecasting errors, these improvements do not necessarily translate into meaningful improvements in forecasting behaviour under real market conditions. Factors such as transaction costs, slippage, and execution constraints are often overlooked, leading to a gap between predictive performance and practical applicability.
Moreover, concerns remain regarding the robustness of reported results. Issues such as look ahead bias and data leakage are not always adequately controlled, which may inflate model performance. In addition, model effectiveness may vary across different market conditions. For example, LSTM models tend to perform better during periods of high volatility, while models such as XGBoost may perform more consistently in relatively stable market environments.
These limitations highlight a clear gap in the literature: the lack of controlled comparative studies that evaluate XGBoost and LSTM under identical experimental conditions using consistent preprocessing, validation, and evaluation procedures. Addressing this gap is essential for improving the reliability and practical relevance of cryptocurrency forecasting models.
[bookmark: _Toc229225241][bookmark: _Toc229321848]2.8 Critical Comparative Analysis: XGBoost vs LSTM
The comparison between XGBoost and LSTM is not only about which model performs better but also reflects a broader difference in modelling approaches. XGBoost relies on feature engineering and ensemble learning, whereas LSTM focuses on learning patterns directly from sequential data.
[bookmark: _Toc229225242][bookmark: _Toc229321849]2.8.1 Performance and Market Regime Considerations
Empirical findings in the literature are mixed. LSTM models often achieve lower RMSE in highly volatile market conditions, which is commonly attributed to their ability to capture temporal dependencies over time. In contrast, XGBoost can achieve comparable levels of accuracy when supported by carefully engineered features, while also requiring less computational effort.
Model performance may also vary depending on market conditions. During relatively stable periods, engineered features can effectively capture price behaviour, which may favour XGBoost. However, in more volatile environments or during sudden market shifts, LSTM models may perform better due to their capacity to learn sequential patterns across time.
Despite these observations, relatively few studies explicitly account for different market regimes. As a result, there is limited understanding of how model performance changes under varying conditions, which makes it difficult to determine when each approach is most effective.
Although deep learning models such as LSTM are often associated with stronger predictive capability, increased model complexity does not always guarantee improved forecasting performance. Simpler models such as XGBoost may generalise more effectively when datasets are relatively limited or when feature engineering successfully captures short term market behaviour. This highlights the importance of balancing model complexity, interpretability, and generalisation within cryptocurrency forecasting research.
[bookmark: _Toc229225243][bookmark: _Toc229321850]2.8.2 Evaluation and Methodological Limitations
[bookmark: _Toc229225245]A key issue within the existing literature is the strong emphasis placed on statistical error metrics such as RMSE and MAPE. While these metrics provide useful measures of prediction accuracy, they do not always reflect how well a model performs under realistic market conditions. In practice, small improvements in statistical accuracy may not necessarily result in more reliable forecasting behaviour or improved trend prediction capability.
To address this limitation, some studies evaluate forecasting models using simulated evaluation frameworks that assess how predictions respond to changing market conditions. These approaches allow researchers to examine additional measures such as directional accuracy, forecasting stability, and model robustness over time. However, these evaluation methods are often simplified, with many studies relying on limited validation procedures or unrealistic assumptions regarding market behaviour, which may lead to overly optimistic findings.
There are also several common methodological weaknesses across existing studies. Issues such as look ahead bias, data leakage, inconsistent train-test splits, and overfitting during hyperparameter tuning can all result in inflated performance estimates. In addition, differences in preprocessing methods, evaluation periods, and model configurations make it difficult to compare results across studies in a consistent and reliable way.
Overall, these methodological limitations suggest that many existing comparisons between XGBoost and LSTM should be interpreted with caution. A more controlled and consistent experimental framework is necessary to provide a fair and reliable evaluation of model performance.
Another important issue within cryptocurrency forecasting research is reproducibility. Many studies provide limited implementation detail regarding preprocessing methods, hyperparameter tuning, or validation procedures, making replication and direct comparison difficult. This reduces the reliability of reported findings and highlights the importance of transparent and controlled experimental frameworks.
Overall, the literature demonstrates that both machine learning and deep learning models offer advantages for cryptocurrency forecasting, although no single approach consistently outperforms others across all market conditions. Existing studies remain limited by inconsistent methodologies, simplified evaluation procedures, and limited reproducibility. These issues highlight the need for controlled comparative frameworks capable of evaluating forecasting models under consistent conditions.
[bookmark: _Toc229321851]2.9 Research Gaps
Despite the growing body of research on cryptocurrency forecasting using both traditional and machine learning approaches, several important gaps remain in the literature.
First, there is a lack of consistency in experimental design across existing studies. Many papers use different datasets, time periods, and preprocessing techniques, which makes it difficult to compare results directly or draw reliable conclusions about model performance. This is particularly evident in comparative studies of models such as XGBoost and LSTM, where variations in implementation often influence outcomes as much as the models themselves.
Second, much of the literature focuses heavily on statistical evaluation metrics such as RMSE and MAPE, with limited consideration of economic performance. While these metrics are useful for measuring predictive accuracy, they do not capture whether a model can generate profitable trading strategies in practice. As a result, there is a disconnect between model evaluation and real world applicability.
Related to this, evaluation frameworks are often either simplified or inconsistently implemented. Many studies rely on limited validation procedures and fail to incorporate realistic assumptions regarding market behaviour and model generalisation. In addition, issues such as look ahead bias and data leakage are not always adequately addressed, which can lead to overly optimistic performance estimates.
Another important gap is the limited analysis of model performance across different market conditions. Cryptocurrency markets are highly dynamic, with periods of relative stability followed by extreme volatility. However, relatively few studies explicitly examine how models perform under different market regimes. This makes it difficult to assess the robustness of forecasting approaches over time.
Furthermore, although machine learning models such as LSTM reduce the need for manual feature engineering, many studies still rely heavily on engineered inputs such as technical indicators. This can introduce implicit assumptions about market behaviour and may affect model generalisability if not carefully validated.
Overall, these gaps highlight the need for more controlled and consistent comparative studies that evaluate models under identical conditions, use reliable validation procedures, and consider both statistical performance and practical applicability. Addressing these issues is essential for improving the reliability and practical relevance of cryptocurrency forecasting models.
[bookmark: _Toc229225246]This project aims to address these gaps by implementing XGBoost and LSTM models within a unified experimental framework that applies consistent datasets, preprocessing methods, and evaluation criteria across all models. The study also adopts a structured forecasting evaluation framework to assess predictive accuracy, model behaviour, and comparative performance in a controlled and consistent manner.
[bookmark: _Toc229321852]2.10 Conclusion
This chapter has reviewed the existing literature on cryptocurrency forecasting, with particular focus on the shift from traditional statistical models to more advanced machine learning and deep learning approaches. Models such as XGBoost and LSTM have been shown to offer strong predictive capabilities. However, the literature presents mixed and sometimes inconsistent findings regarding their relative performance.
Several key research gaps have been identified. These include the lack of controlled and reproducible comparisons between XGBoost and LSTM models, as well as the limited use of consistent evaluation frameworks. In addition, many studies place significant emphasis on statistical accuracy metrics, often without sufficiently considering practical model reliability and generalisation. There is also limited investigation into how model performance varies across different market conditions, despite the highly dynamic nature of cryptocurrency markets.
To address these gaps, this research conducts a controlled comparative analysis of XGBoost and LSTM models for short-term cryptocurrency trend prediction using CoinGecko market data. Both models are implemented within a unified experimental framework, ensuring consistency in data, preprocessing, and evaluation methods. The following chapter outlines the methodology adopted to develop and assess these models.





[bookmark: _Toc229321853]Chapter 3 - Methodology
[bookmark: _Toc229225247][bookmark: _Toc229321854]3.1 Research Approach 
This study investigates the effectiveness of deep learning and machine learning for cryptocurrency price forecasting. The three models that are compared: 
· Long Short-Term Memory (LSTM) neural network
· Extreme Gradient Boosting (XGBoost) Regression model
· A hybrid LSTM-XGBoost model using residual learning
The objective of this study is to evaluate whether deep learning models can improve forecasting performance for highly volatile financial time series, using Bitcoin as a case study. Specifically, the research compares the predictive performance of an LSTM network with the traditional machine learning model XGBoost and investigates whether a hybrid approach combining both models can further enhance forecasting accuracy. The purpose of this design is not only to determine which model achieves the highest predictive accuracy, but also to examine how different modelling approaches perform under identical experimental conditions. This is particularly important given that existing studies in cryptocurrency forecasting often report inconsistent findings. This is largely due to variations in datasets, preprocessing methods, and evaluation procedures.
A key feature of this research design is the emphasis on consistency and control. The research follows a supervised learning paradigm, where models are trained on historical time series data to predict future Bitcoin price movements. The study is structured as a controlled experiment, ensuring that all models are trained and evaluated under identical conditions, including the same dataset, preprocessing pipeline, and evaluation metrics. This approach enables a fair and consistent comparison of model performance and directly addresses limitations identified in the literature regarding inconsistent experimental design.
The models are trained using historical Bitcoin price data along with several technical indicators commonly used in financial analysis. Model performance is evaluated using error based forecasting metrics and statistical comparison tests to assess differences in predictive accuracy.
[bookmark: _Toc229225248][bookmark: _Toc229321855]3.2 Data Collection
Historical Bitcoin price data was obtained using the CoinGecko API, which provides publicly accessible cryptocurrency market data. The dataset consists of 365 days of daily Bitcoin prices in GBP. Each observation contains a timestamp and the corresponding Bitcoin market price. The timestamp values were converted into datetime format and set as the index of the dataset. Missing days were handled by enforcing daily frequency and applying forward and backward filling to ensure continuity of the time series. Price data was normalised using Min-Max scaling to improve model convergence and training stability.
[bookmark: _Toc229225249][bookmark: _Toc229321856]3.3 Feature Engineering
To enhance model performance, additional technical indicators were generated, including:
· Moving averages (e.g., 7-day, 14-day) 
· Relative Strength Index (RSI) 
· Rolling volatility (standard deviation) 
· Lagged price features 
These features provide additional context about market trends and momentum, particularly for the XGBoost model, which relies on structured inputs.
[bookmark: _Toc229225250][bookmark: _Toc229321857]3.4 Model Development
[bookmark: _Toc229225251][bookmark: _Toc229321858]3.4.1 LSTM Model
The LSTM model is designed to capture temporal dependencies within sequential data, making it well suited to financial time series forecasting. Unlike traditional models, LSTM networks can learn long term relationships by maintaining an internal memory structure regulated through gating mechanisms.
A sliding window approach is used to structure the input data, where sequences of past observations are used to predict future values. This allows the model to learn patterns across time rather than relying solely on individual data points.
The model architecture consists of one or more LSTM layers followed by a dense output layer. Dropout regularisation is incorporated to reduce the risk of overfitting, which is a common issue when working with small datasets. Model performance is influenced by several hyperparameters, including the number of LSTM units, sequence length, learning rate, and number of training epochs. These are selected based on empirical testing to achieve a balance between model complexity and generalisation.
[bookmark: _Toc229225252][bookmark: _Toc229321859]3.4.2 XGBoost Model
The XGBoost model is implemented as a gradient boosting regression algorithm, which constructs an ensemble of decision trees in a sequential manner. Each subsequent tree is trained to correct the errors of the previous ones allowing the model to capture complex nonlinear relationships.
As XGBoost does not inherently account for temporal dependencies, these relationships are introduced through feature engineering. Lagged values, rolling statistics, and technical indicators are used to encode time based information into a structured format suitable for the model.
XGBoost is particularly advantageous due to its computational efficiency, scalability, and built in regularisation mechanisms, which help to mitigate overfitting. However, its performance is highly dependent on the quality of input features making careful feature design an essential component of the modelling process.
[bookmark: _Toc229225253][bookmark: _Toc229321860]3.4.3 Hybrid LSTM–XGBoost Model
To explore whether combining modelling approaches can improve forecasting performance, a hybrid model is developed using a residual learning framework. In this approach, the LSTM model is first used to generate baseline predictions. The residual errors, defined as the difference between actual and predicted values, are then modelled using XGBoost.
The final prediction is obtained by combining the LSTM output with the XGBoost predicted residuals. This allows the model to leverage the strengths of both approaches: the LSTM captures temporal dependencies, while XGBoost refines remaining errors through structured learning.
This hybrid design reflects the broader objective of the study, which is not only to compare models but also to investigate whether their combination can lead to improved predictive performance.
[bookmark: _Toc229225254][bookmark: _Toc229321861]3.5 Model Evaluation
[bookmark: _Toc229225255]Model performance is evaluated using a combination of statistical forecasting metrics and comparative analysis techniques. The purpose of the evaluation process is to assess not only the predictive accuracy of each model, but also their relative effectiveness under identical experimental conditions. The evaluation framework is designed to ensure fairness and consistency across all forecasting approaches implemented within the study.
[bookmark: _Toc229225256][bookmark: _Toc229321862]3.5.1 Error Metrics
The primary forecasting evaluation metrics used in this research are Root Mean Squared Error (RMSE) and Mean Absolute Percentage Error (MAPE). RMSE measures the average magnitude of prediction errors while placing greater emphasis on larger deviations between predicted and actual values. This makes RMSE particularly useful in financial forecasting environments where large prediction errors can significantly affect trading performance.
MAPE expresses forecasting error as a percentage of the actual values, providing a more interpretable measure of prediction accuracy that allows easier comparison between models. The use of both RMSE and MAPE provides complementary perspectives on model performance and helps reduce reliance on a single evaluation metric.
In addition to numerical forecasting accuracy, directional accuracy is also considered during comparative analysis. This measures the ability of the models to correctly predict the direction of price movement, which is particularly relevant within trading applications where profitability often depends more on trend direction than exact price values.
[bookmark: _Toc229225257][bookmark: _Toc229321863]3.5.2 Train-Test Split
The dataset is divided into separate training and testing subsets to evaluate model generalisation performance. Approximately 80% of the dataset is allocated for model training, while the remaining 20% is reserved for testing and evaluation.
As the research focuses on time series forecasting, chronological ordering is strictly preserved throughout the splitting process to avoid data leakage. This ensures that models are evaluated only on unseen future observations rather than randomly shuffled data, reflecting more realistic forecasting conditions. Preserving temporal order is particularly important in financial forecasting research, as improper splitting methods may introduce future information into the training process and artificially inflate model performance.
[bookmark: _Toc229225258][bookmark: _Toc229321864]3.5.3 Validation
To improve robustness, consideration was given to walk-forward validation, where models are repeatedly retrained as new observations become available. This approach more closely reflects real world trading conditions compared to static train-test splits and helps reduce the risk of overestimating model performance. By preserving temporal ordering and continuously updating the training window, walk-forward validation provides a more realistic assessment of how forecasting models would perform in live market environments. However, due to computational and time constraints, the primary evaluation in this study uses a fixed train-test split while maintaining strict temporal separation between training and testing data.
Model performance is evaluated using both statistical accuracy metrics and comparative analysis. The primary evaluation measures used are Root Mean Squared Error (RMSE) and Mean Absolute Percentage Error (MAPE), which provide complementary insights into forecasting accuracy. RMSE is particularly sensitive to large prediction errors and therefore provides an indication of overall model precision, while MAPE expresses forecasting error as a percentage, making the results easier to interpret and compare across models.
The dataset is divided into training and testing subsets while preserving chronological order to avoid data leakage. This ensures that the models are evaluated on unseen future observations, reflecting realistic forecasting conditions. However, statistical accuracy metrics alone are insufficient to determine the practical usefulness of a forecasting model within financial markets. 
[bookmark: _Toc229225259][bookmark: _Toc229321865]3.6 Forecasting Evaluation and Model Comparison Framework
To evaluate the effectiveness of the forecasting models, a comparative forecasting framework is implemented to assess the performance of the LSTM, XGBoost, and hybrid LSTM-XGBoost models under consistent experimental conditions. Each model is trained and tested using Bitcoin market data collected from the CoinGecko API. A time based train-test split is used throughout the study to preserve chronological ordering and reduce the risk of data leakage.
Model predictions are transformed back into GBP values to allow direct comparison with actual Bitcoin prices. Forecasting performance is evaluated using Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), and the coefficient of determination (R²). RMSE measures the magnitude of prediction error and places greater emphasis on larger forecasting mistakes, while MAE provides the average absolute prediction error in pounds. MAPE expresses forecasting error as a percentage, making the results easier to interpret and compare across models. R² is also used to assess how effectively the predicted values explain variation in the actual Bitcoin price series.
In addition to numerical evaluation metrics, visual analysis is performed by plotting actual and predicted Bitcoin prices across the testing period. This allows the behaviour of each model to be examined in relation to market trends and short term fluctuations. The visualisations help identify whether models successfully follow overall price direction, lag behind rapid market changes, or overreact to volatility. For the XGBoost model, feature importance analysis is also included to provide insight into which engineered indicators contribute most strongly to forecasting performance.
Although a full trading backtesting framework is not implemented within the current version of the system, the comparative forecasting framework provides a foundation for assessing the practical usefulness of AI based cryptocurrency forecasting models. Future work could extend the system by incorporating trading signal generation and financial evaluation metrics such as cumulative returns, maximum drawdown, and the Sharpe ratio.
[bookmark: _Toc229225260][bookmark: _Toc229321866]3.7 Ethical Considerations
All data used in this study is publicly available through the CoinGecko API and does not involve personal, private, or sensitive information. As a result, the research does not raise concerns relating to participant consent, confidentiality, or data protection regulations such as the General Data Protection Regulation (GDPR).
The research is conducted solely for academic purposes and does not constitute financial or investment advice. Although the proposed forecasting system is capable of generating trading signals, the study is intended to evaluate predictive modelling techniques rather than promote automated cryptocurrency trading. Cryptocurrency markets are highly volatile and involve significant financial risk, meaning that model predictions should not be interpreted as guarantees of future market behaviour.
In addition, care is taken to ensure methodological transparency and reproducibility throughout the research process. Data preprocessing, model training procedures, and evaluation methods are clearly documented to reduce the risk of misleading or irreproducible results. Consideration is also given to common issues in financial machine learning research, such as data leakage and look ahead bias, which may artificially inflate model performance if not properly controlled.

[bookmark: _Toc229321867]Chapter 4 – Design & Implementation
[bookmark: _Toc229225261][bookmark: _Toc229321868]4.1 Introduction
This chapter presents the design and implementation of the proposed artificial intelligence driven cryptocurrency forecasting. The system is developed to address the methodological gaps identified in Chapter 2, particularly the lack of controlled comparative studies evaluating classical machine learning and deep learning models under identical experimental conditions. The primary aim of this system is to enable a rigorous comparison between a XGBoost algorithm and a Long Short-Term Memory (LSTM) neural network for short term cryptocurrency trend prediction. To achieve this, a unified pipeline is designed that integrates data acquisition, preprocessing, model training, prediction generation, and forecasting evaluation within a consistent and reproducible framework. This chapter first describes the system architecture and design rationale, followed by a detailed explanation of the implementation process, including tools, techniques, and experimental setup.
[bookmark: _Toc229225262][bookmark: _Toc229321869]4.2 Hardware
The experiments were conducted on a personal computer system with the following specifications:
· CPU: AMD Ryzen 7 7700
· RAM: 32GB DDR5
· Storage: 1TB SSD
· GPU: NVIDIA GeForce RTX 5960 Ti
[bookmark: _Toc229225263][bookmark: _Toc229321870]4.3 Software & Libraries
The experiment was implemented using Python 3.11, using the following machine learning and data analysis libraries:
· TensorFlow / Keras – Implementation of the LSTM neural network
· XGBoost – Gradient boosting regression model
· Scikit-learn – Preprocessing and evaluation metrics
· Pandas / NumPy – Data manipulation and numerical processing
· Matplotlib – Visualisation of predictions
· PyCoinGecko – API access to cryptocurrency market data
The development environment used was Visual Studio Code, with Python virtual environments for dependency management.
The system is implemented using the Python programming language, chosen for its extensive support for data analysis, machine learning, and deep learning. Data manipulation and preprocessing are performed using libraries such as Pandas and NumPy, which provide efficient tools for handling time series data. Machine learning components are implemented using Scikit-learn and the XGBoost library, while the LSTM model is developed using deep learning frameworks such as TensorFlow or PyTorch.
Visualisation tools, including Matplotlib and Seaborn, are used to analyse and present model performance. The implementation is executed on a computing environment capable of supporting both CPU and GPU processing. While XGBoost training is efficiently handled on standard CPU hardware, LSTM training benefits from GPU acceleration due to the computational demands of neural network optimisation.
[bookmark: _Toc229225264][bookmark: _Toc229321871]4.4 System Architecture
The system is designed using a modular architecture to ensure scalability, reproducibility, and clarity in the separation of different functional components. A modular architecture was selected to improve reproducibility, maintain separation between preprocessing and modelling stages, and allow individual forecasting components to be evaluated independently. This approach allows each stage of the pipeline to be independently developed and evaluated while maintaining overall system coherence. The architecture consists of interconnected components responsible for data acquisition, preprocessing, model training, prediction generation, and performance evaluation. By structuring the system in this way, it is possible to ensure that both XGBoost and LSTM models operate on identical datasets and under consistent conditions, thereby enabling a fair and controlled comparison. This design directly addresses the inconsistencies identified in previous research, where differences in preprocessing and evaluation methods often undermine the validity of comparative findings.
[bookmark: _Toc229225265][bookmark: _Toc229321872]4.5 Data Pipeline Design
The data acquisition process forms the foundation of the forecasting system, as the quality and reliability of input data directly influence model performance. Cryptocurrency market data is sourced through the CoinGecko API, which provides publicly accessible historical market data for Bitcoin. CoinGecko is selected due to its accessibility, ease of integration, and suitability for academic experimentation.
The dataset consists of daily Bitcoin prices in GBP over a 365 day period. Each observation includes a timestamp and corresponding market price, which are converted into a time-indexed format for analysis. The data is then cleaned, checked for missing observations, and resampled to ensure consistent daily frequency. Missing values are handled through forward and backward filling where appropriate to preserve continuity in the time series.
Following cleaning, the dataset is prepared for both machine learning and deep learning models. For XGBoost, lagged price features, rolling statistics, and technical indicators are generated to convert the time series into structured tabular input. For LSTM, the scaled price series is transformed into sequential windows, allowing the model to learn temporal dependencies from previous observations. This pipeline ensures that each model receives data in a format appropriate to its architecture while maintaining consistency across the experimental framework.
[bookmark: _Toc229225266][bookmark: _Toc229321873]4.6 Model Implementation
[bookmark: _Toc229225267][bookmark: _Toc229321874]LSTM Implementation
[bookmark: _Toc229225268]The Long Short-Term Memory (LSTM) model is implemented using the TensorFlow/Keras deep learning framework, which provides a flexible environment for constructing and training neural networks. A sequential model architecture is adopted, allowing layers to be arranged in a linear stack suitable for time-series data processing. The model consists of one or more LSTM layers designed to capture temporal dependencies within sequential cryptocurrency price data, followed by fully connected layers that produce the final prediction output. To address the risk of overfitting, dropout layers are incorporated within the network, randomly deactivating a proportion of neurons during training. This regularisation technique improves the model’s ability to generalise to unseen data, which is particularly important given the limited size and high volatility of the dataset.
[bookmark: _Toc229225269][bookmark: _Toc229321875]XGBoost Implementation
The XGBoost model is implemented using the XGBoost library, which provides an efficient and optimised framework for gradient boosting. Unlike the LSTM model, XGBoost operates on structured, tabular data, requiring the input dataset to be transformed through feature engineering. These features include lagged price values, rolling statistical measures, and technical indicators that encode temporal patterns within the data. The model is configured as a regression task, where it predicts future cryptocurrency prices or returns based on the input features. XGBoost’s ability to model nonlinear relationships, combined with its built-in regularisation and efficient training process, makes it a strong baseline model for comparison. Additionally, its interpretability through feature importance analysis provides insight into which variables contribute most significantly to predictions.
[bookmark: _Toc229225270][bookmark: _Toc229321876]Hybrid Model
The hybrid model is implemented by combining the strengths of both the LSTM and XGBoost models through a sequential execution process. In this approach, the LSTM model is first used to generate baseline predictions by learning temporal dependencies from sequential data. The residual errors, defined as the difference between the actual values and the LSTM predictions, are then passed to the XGBoost model. XGBoost is trained to model these residuals, effectively acting as a correction mechanism that captures patterns not fully learned by the LSTM. The final prediction is obtained by combining the outputs of both models. This residual learning approach aims to improve overall predictive accuracy by leveraging both temporal modelling and feature-based learning, providing a more comprehensive representation of the underlying data patterns.
[bookmark: _Toc229225271][bookmark: _Toc229321877]4.7 System Workflow
The system operates as follows:
1. Retrieve latest market data 
2. Preprocess and generate features 
3. Train models (or load trained models) 
4. Generate predictions 
5. Evaluate predictions 
6. Visualise and compare forecasting performance
The system follows a structured workflow beginning with the retrieval of Bitcoin market data through the CoinGecko API. Once collected, the data is cleaned, indexed by date, and transformed into suitable model inputs. Feature engineering is then applied for the XGBoost model, while sequential windowing is used to prepare inputs for the LSTM model.
After preprocessing, the models are trained or loaded from saved configurations depending on the experimental stage. Each model generates price predictions on the testing dataset, which are then evaluated using RMSE, MAPE, and directional accuracy. The final stage involves visualising and comparing the results. Actual and predicted prices, forecasting errors, and cumulative trading returns are plotted to support interpretation of model behaviour. This workflow ensures that the system operates as a reproducible end to end pipeline from data collection through to evaluation and analysis.
[bookmark: _Toc229225272][bookmark: _Toc229321878]4.8 Visualisation and Output
Visualisation plays a crucial role in interpreting the performance of the implemented models and communicating results effectively. The system utilises the Matplotlib library to generate graphical representations of key outputs. One of the primary visualisations compares actual price values with predicted values, allowing for direct assessment of forecasting accuracy over time. This enables identification of patterns such as lagging predictions.
In addition to price comparisons, error trends are visualised to examine how prediction accuracy evolves across the dataset. These plots provide insight into periods where the models perform well or struggle, potentially indicating sensitivity to market conditions. Furthermore, rolling forecasting error trends are generated to examine how model accuracy changes throughout different market conditions. These visualisations provide additional insight into forecasting stability and model responsiveness during periods of increased volatility.
[bookmark: _Toc229225273][bookmark: _Toc229321879]4.9 Design Justification
The design of the proposed forecasting system is informed by both the findings of the literature review and the specific characteristics of cryptocurrency markets. The selection of the Long Short-Term Memory (LSTM) model is primarily motivated by its ability to capture temporal dependencies within sequential data. Cryptocurrency price movements are highly dynamic and influenced by patterns that evolve over time, making LSTM networks particularly suitable for modelling short term market behaviour. Unlike traditional machine learning models, LSTM networks can retain historical information through their internal memory structure, allowing them to identify longer term relationships within time series data.
The XGBoost model is selected as a complementary approach due to its strong performance in structured data environments, computational efficiency, and interpretability. Through the use of engineered features such as lagged values and technical indicators, XGBoost is capable of capturing nonlinear relationships while maintaining relatively fast training and prediction times. In addition, feature importance analysis provides greater insight into the contribution of individual variables, improving interpretability compared to deep learning approaches.
The inclusion of a hybrid LSTM-XGBoost model is intended to explore whether combining different modelling paradigms can improve forecasting performance. In this design, the LSTM model captures temporal dependencies, while XGBoost is used to model residual errors and refine final predictions. This approach is motivated by the assumption that individual models may capture different aspects of market behaviour, and that combining their strengths may lead to improved predictive accuracy and trading performance.
Finally, the integration of a forecasting evaluation framework ensures that the system is evaluated within a practical financial context rather than relying solely on statistical forecasting metrics.
Overall, the system is designed to provide a controlled and reproducible experimental framework for comparing machine learning and deep learning approaches under identical conditions.
[bookmark: _Toc229225274][bookmark: _Toc229321880]4.10 Limitations of Design
Despite the strengths of the proposed system, several limitations must be acknowledged. The dataset used in this study is limited to approximately 365 days of historical Bitcoin price data, which may restrict the ability of the models to generalise across different market conditions. Cryptocurrency markets are highly dynamic and can experience rapid structural changes, meaning that a longer historical time period may be necessary to capture a wider range of volatility regimes and market behaviours.
In addition, the use of daily frequency data may overlook intraday market patterns and short term trading dynamics that could provide additional predictive information. While daily data reduces computational complexity and simplifies the modelling process, it also limits the granularity of the analysis and may reduce responsiveness to rapid market fluctuations.
Another limitation relates to the evaluation framework used within the study. The research primarily focuses on forecasting performance rather than implementing a fully developed real world trading system. Although model predictions are compared using statistical metrics and visual analysis, practical trading considerations such as transaction costs, slippage, liquidity constraints, and portfolio management strategies are not explicitly incorporated into the evaluation process. As a result, the findings should be interpreted as forecasting performance rather than guaranteed financial performance in live trading environments.
Furthermore, model optimisation was limited by computational and time constraints. While empirical tuning was performed, more extensive hyperparameter optimisation may further improve forecasting accuracy and model stability. The models are also trained primarily using historical price based indicators, meaning that external influences such as social media sentiment, macroeconomic events, and on-chain blockchain activity are not considered within the current framework.
These limitations highlight several opportunities for future research, including the use of larger datasets, higher frequency market data, additional external features, and more advanced trading evaluation frameworks to improve the robustness, realism, and practical applicability of the forecasting system.
[bookmark: _Toc229225275][bookmark: _Toc229321881]4.11 Testing and Debugging
Testing and debugging were carried out throughout the development process to ensure that each component of the forecasting system operated correctly. The data pipeline was tested to confirm that API responses were retrieved successfully, timestamps were correctly converted, and missing values were handled appropriately. The feature engineering stage was checked to ensure that lagged variables and rolling indicators did not introduce future information into the dataset. Model outputs were validated by comparing prediction shapes, checking for invalid values, and ensuring that predictions aligned correctly with the test period. This process helped reduce the risk of implementation errors and improved the reliability of the final experimental results.





[bookmark: _Toc229321882]Chapter 5 – Results & Analysis
[bookmark: _Toc229225276][bookmark: _Toc229321883]5.1 Introduction
This chapter presents the results of the experimental evaluation conducted to assess the performance of the proposed cryptocurrency forecasting system. The primary objective is to compare the forecasting effectiveness of XGBoost, representing classical machine learning, Long Short-Term Memory (LSTM), representing deep learning, and a hybrid LSTM-XGBoost model.
The evaluation is conducted using statistical forecasting metrics and comparative visual analysis. This approach allows the models to be assessed in terms of prediction accuracy, trend following behaviour, and overall forecasting performance under identical experimental conditions. The chapter begins by presenting forecasting accuracy results, followed by visual analysis, comparative discussion, and interpretation of the findings.
[bookmark: _Toc229225277][bookmark: _Toc229321884]5.2 Forecasting Performance
The forecasting performance of the models is evaluated using Root Mean Squared Error (RMSE) and Mean Absolute Percentage Error (MAPE), which measure the difference between predicted and actual cryptocurrency prices. These metrics provide a quantitative assessment of model accuracy across the test dataset and allow for direct comparison between modelling approaches.
[bookmark: _Toc229225278][bookmark: _Toc229321885]5.2.1 LSTM Evaluation
The LSTM model demonstrates strong capability in capturing underlying market trends, particularly during periods of gradual price movement. Its sequential architecture enables the retention of historical context, resulting in smoother prediction curves compared to other models. This contributes to improved RMSE and directional accuracy metrics observed in the results. However, the model exhibits limitations when responding to sudden market fluctuations, often showing a lag in adapting to rapid price changes. This behaviour reflects the model’s reliance on historical sequence patterns, which may not fully capture abrupt external influences such as market sentiment or news-driven events. Despite these limitations, the LSTM model provides a robust approach for modelling temporal dependencies and serves as a strong benchmark for deep learning performance in cryptocurrency forecasting.
[image: ]
Figure 5.1: Actual vs Predicted Bitcoin Prices Using the LSTM Model
Figure 5.1 illustrates the forecasting performance of the LSTM model across the testing period. The predicted values generally follow the overall direction of Bitcoin price movements and capture longer term market trends effectively. However, the model produces smoother prediction curves than the actual market prices, indicating some difficulty in responding to sudden short term volatility. Despite this limitation, the model demonstrates strong capability in modelling temporal dependencies within sequential cryptocurrency data.
[image: ]
Figure 5.2: Rolling RMSE and MAE Error Metrics for the LSTM Model
Figure 5.2 presents the rolling Root Mean Squared Error (RMSE) and Mean Absolute Error (MAE) across the testing period for the LSTM model. The rolling evaluation provides insight into how forecasting performance changes over time rather than relying solely on overall summary metrics. Periods of increased error correspond to higher market volatility, where sudden price fluctuations become more difficult for the model to predict accurately. Despite these fluctuations, the model maintains relatively stable error behaviour throughout most of the testing period, suggesting reasonable consistency in forecasting performance.
[bookmark: _Toc229225279][bookmark: _Toc229321886]5.2.2 XGBoost Evaluation
The performance of the XGBoost model highlights both its strengths and limitations. The model performs well in stable market conditions, where engineered features effectively capture short term price dynamics. Its predictions tend to react quickly to recent changes, resulting in more responsive behaviour compared to the LSTM model. However, this responsiveness also introduces sensitivity to noise, leading to occasional overreactions and increased prediction error during highly volatile periods. This is reflected in slightly higher RMSE values compared to the LSTM model. Nevertheless, the computational efficiency and interpretability of XGBoost make it a practical and competitive alternative, particularly in scenarios where real time prediction and resource constraints are important considerations.
[image: ]
Figure 5.3: Actual vs Predicted Bitcoin Prices Using the XGBoost Model
As shown in Figure 5.3, the XGBoost model follows the overall movement of Bitcoin prices during the testing period. The model demonstrates the ability to capture short term market movements and follow the overall direction of Bitcoin price changes. Compared to the LSTM model, XGBoost produces more reactive predictions that respond more quickly to recent fluctuations in the dataset. However, this responsiveness also introduces greater sensitivity to short term noise, resulting in occasional overestimations and underestimations during periods of increased volatility. Overall, the model achieves competitive forecasting performance while maintaining strong computational efficiency and interpretability.

[bookmark: _Toc229225280][bookmark: _Toc229321887]5.2.3 Hybrid Model Evaluation
The hybrid model achieves marginal improvements in forecasting accuracy compared to the individual models. By correcting residual errors from the LSTM model, XGBoost improves the system’s ability to capture short term irregularities and local fluctuations within the data. This results in slightly lower RMSE and MAE values compared to the standalone models.
The hybrid model also demonstrates more balanced forecasting behaviour by combining the stability of LSTM with the responsiveness of XGBoost. However, the improvements remain relatively modest, suggesting that while hybrid approaches can enhance forecasting performance, they do not completely overcome the challenges associated with cryptocurrency prediction.
[image: ]
Figure 5.4: Actual vs Predicted Bitcoin Prices Using the Hybrid LSTM-XGBoost Model
As shown in Figure 5.4, the hybrid LSTM-XGBoost model follows the general market trend but does not outperform the standalone models in terms of forecasting error. The hybrid approach demonstrates the ability to follow the overall market trend while producing smoother predictions than the XGBoost model alone. In some regions, the hybrid model reduces short term forecasting noise and maintains more stable prediction behaviour. However, the improvements over the standalone LSTM model remain relatively modest, suggesting that increased model complexity does not necessarily lead to substantial forecasting gains within highly volatile cryptocurrency markets.

[bookmark: _Toc229225281][bookmark: _Toc229321888]5.2.4 Comparative Analysis
	Model
	RMSE (£)
	MAE (£)
	MAPE (%)
	R²
	Directional Accuracy

	LSTM
	1939.04
	1590.44
	2.96
	0.5258
	51.52%

	XGBoost
	1242.76
	1004.97
	1.86
	0.8052
	51.52%

	Hybrid LSTM-XGBoost
	2601.06
	2067.78
	3.81
	0.1467
	54.55%


Table 5.1: Comparative Forecasting Performance of Evaluated Models
As shown in table 5.1, the XGBoost model achieved the strongest overall forecasting performance across RMSE, MAE, MAPE, and R² metrics, indicating that engineered technical indicators provided strong predictive capability under the experimental conditions used in this study. The LSTM model also demonstrated competitive forecasting performance, particularly in capturing broader market trends through sequential learning. However, the hybrid LSTM-XGBoost model did not outperform the standalone models and instead produced higher forecasting errors despite achieving slightly stronger directional accuracy. This suggests that increasing model complexity does not necessarily improve predictive performance within highly volatile cryptocurrency markets.
[bookmark: _Toc229225282]Overall, the results indicate that the XGBoost model achieved the strongest forecasting performance across the majority of evaluation metrics. The model produced the lowest RMSE, MAE, and MAPE values, while also achieving the highest R² score, suggesting a stronger ability to model short term Bitcoin price behaviour under the experimental conditions used in this study.
The LSTM model also demonstrated competitive forecasting performance and showed stronger capability in capturing smoother long term market trends through sequential learning. However, its prediction curves occasionally lagged behind sudden market fluctuations, which contributed to slightly higher forecasting error compared to XGBoost.
The hybrid LSTM-XGBoost model produced the weakest overall forecasting accuracy. Although the hybrid approach achieved slightly higher directional accuracy, the residual correction process introduced additional instability and forecasting error. These findings suggest that increasing model complexity does not necessarily improve forecasting performance within highly volatile cryptocurrency markets.
[bookmark: _Toc229321889]5.3 Visual Analysis of Predictions
To further assess model performance, visual comparisons between actual and predicted price values are examined. The plotted results reveal that both models can capture general price trends. However, differences emerge in their responsiveness to market fluctuations.
The LSTM model demonstrates smoother prediction curves that closely follow underlying trends, particularly during periods of gradual price movement. However, it occasionally exhibits lag when responding to sudden price spikes or drops, indicating a delay in adapting to abrupt changes. This behaviour reflects the model’s reliance on historical sequence patterns, which may not fully account for unexpected external events.
The XGBoost model produces more reactive predictions that respond quickly to recent price changes. While this responsiveness can be beneficial in capturing short term movements, it also results in greater sensitivity to noise, leading to occasional overreactions. This highlights a key trade off between stability and responsiveness across the two modelling approaches.
The hybrid model demonstrates a balance between these behaviours, producing predictions that are both responsive and relatively stable. This suggests that combining models can help mitigate individual weaknesses, although the overall improvement remains incremental.
[bookmark: _Toc229225283][bookmark: _Toc229321890]5.4 Directional Accuracy and Trend Prediction
In addition to numerical accuracy, the ability of each model to correctly predict the direction of price movement is evaluated using directional accuracy. This metric is particularly important in trading contexts, as correct direction prediction directly influences profitability. The results show that the XGBoost model achieved the strongest error based forecasting performance, while the hybrid model achieved the highest directional accuracy. LSTM remained competitive but did not outperform XGBoost across the main statistical metrics.
However, the difference in directional accuracy between the models is less pronounced than the difference in RMSE, suggesting that both models are similarly capable of identifying general trends. The hybrid model again demonstrates slight improvement, reinforcing the potential benefit of combining predictive approaches. These findings suggest that while LSTM provides advantages in capturing temporal dynamics, classical machine learning models remain competitive in trend prediction tasks.
[bookmark: _Toc229225284][bookmark: _Toc229321891]5.5 Comparative Discussion
[bookmark: _Toc229225285]The comparative analysis highlights several important insights regarding the relative strengths and limitations of the evaluated models. First, the XGBoost model achieved the strongest overall forecasting performance across RMSE, MAE, MAPE, and R² metrics. These findings suggest that engineered technical indicators and structured learning approaches can provide strong predictive capability for short term cryptocurrency forecasting within controlled experimental conditions.
Second, the LSTM model also demonstrated competitive forecasting performance, particularly in capturing broader market trends and temporal dependencies within sequential data. Although the LSTM model produced smoother prediction behaviour and followed long term market movements effectively, it did not outperform XGBoost across the primary statistical evaluation metrics. This suggests that increased model complexity does not necessarily result in proportionally greater forecasting accuracy.
Third, the hybrid LSTM-XGBoost model demonstrates that combining modelling approaches can improve certain aspects of forecasting behaviour, particularly directional accuracy. However, the hybrid model also produced higher forecasting errors overall, indicating that increased architectural complexity may introduce additional instability and error propagation within highly volatile cryptocurrency markets. These findings suggest that increasing model complexity does not always improve overall predictive performance.
Finally, the results emphasise that improvements in statistical forecasting metrics do not necessarily guarantee consistently accurate forecasting behaviour across all market conditions. Visual analysis demonstrates that all models continue to struggle with sudden volatility and rapid market shifts, highlighting the inherently unpredictable nature of cryptocurrency price movements.
[bookmark: _Toc229321892]5.5.1 Model Complexity and Practical Trade-Offs
Although the LSTM may offer stronger forecasting performance, they also introduce greater computational complexity compared to XGBoost. LSTM models require sequence preparation, neural network training, and more careful hyperparameter tuning, which increases training time and resource requirements. In contrast, XGBoost is faster to train and easier to interpret, making it more practical in scenarios where computational efficiency and transparency are important. This suggests that model selection should not be based solely on forecasting accuracy, but also on practical considerations such as interpretability, training cost, and deployment feasibility.
[bookmark: _Toc229225286][bookmark: _Toc229321893]5.5.2 Statistical Significance Testing
Table 5.2 presents the results of the one way ANOVA test conducted to determine whether the observed differences in forecasting performance between the evaluated models were statistically significant.
	Test
	F-statistic
	p-value
	Result

	One-Way ANOVA
	13.1873
	0.000004
	Significant


Table 5.2: One-Way ANOVA Test Results
To determine whether the observed differences in forecasting performance were statistically meaningful, a one way ANOVA test was conducted on the absolute prediction errors generated by the models. As shown in Table 5.2, the test produced an F-statistic of 13.1873 with a p-value of 0.000004.
As the p-value was significantly lower than the 0.05 significance threshold, the null hypothesis that all models produced similar forecasting errors was rejected. This strengthens the reliability of the comparative findings by demonstrating that the observed performance differences are unlikely to have occurred due to random variation alone.
The ANOVA results support the comparative findings presented earlier in the chapter, particularly the conclusion that the XGBoost model achieved the strongest overall forecasting performance under the experimental conditions used in this study.
[bookmark: _Toc229225287][bookmark: _Toc229321894]5.6 Limitations of Results
Several limitations must be considered when interpreting the results. The dataset used in this study is limited in size and may not capture the full range of cryptocurrency market conditions. In addition, the use of daily data may overlook shorter term intraday market behaviour that could influence forecasting performance.
Another limitation is that the evaluation focuses primarily on forecasting accuracy rather than real world deployment. Although the models are compared using RMSE, MAE, MAPE, R², and visual analysis, the system does not implement a fully developed trading simulation or live prediction environment.
Furthermore, hyperparameter optimisation was limited due to computational and time constraints. More extensive tuning procedures and larger datasets may improve model performance and stability.
These limitations suggest that while the findings provide useful insight into AI based cryptocurrency forecasting, further research is required to validate and extend the results.
[bookmark: _Toc229225288][bookmark: _Toc229321895]5.7 Chapter Summary
This chapter presented the results of the experimental evaluation of LSTM, XGBoost, and hybrid LSTM-XGBoost models for cryptocurrency price forecasting. The findings demonstrate that the XGBoost model achieved the strongest overall forecasting accuracy, while the LSTM model remained competitive due to its ability to capture smoother long term market trends. The hybrid model provided limited improvement despite increased model complexity. Overall, the results suggest that while AI forecasting models can identify useful patterns within cryptocurrency price data, accurately predicting highly volatile market behaviour remains a significant challenge.
[bookmark: _Toc229225289][bookmark: _Toc229321896]5.8 Answering the Research Questions
The first research question asked whether LSTM models can improve short term cryptocurrency forecasting accuracy compared to XGBoost. The experimental results showed that XGBoost achieved stronger overall forecasting performance across RMSE, MAE, MAPE, and R² metrics under the conditions used in this study. Although the LSTM model demonstrated strong capability in modelling temporal dependencies and broader market trends, the findings suggest that carefully engineered machine learning approaches remain highly competitive for cryptocurrency forecasting tasks. 
The second research question examined whether a hybrid LSTM-XGBoost approach improves predictive performance compared to the individual models. The findings indicate that the hybrid model provides marginal improvements by using XGBoost to correct residual errors from the LSTM model. However, the gains are incremental rather than substantial, suggesting that hybrid modelling can enhance performance but does not fully overcome the difficulty of cryptocurrency forecasting.
The third research question examined whether improvements in statistical forecasting accuracy produce noticeably stronger forecasting behaviour overall. The results suggest that lower forecasting error generally improves trend following performance and prediction stability. However, all models still experience difficulty responding to sudden volatility and rapid market changes, highlighting the inherent unpredictability of cryptocurrency markets.





















[bookmark: _Toc229321897]Chapter 6 – Conclusion & Future Work
[bookmark: _Toc229225290][bookmark: _Toc229321898]6.1 Introduction
This chapter presents the final conclusions of the research and reflects on the findings obtained throughout the study. The chapter summarises the main outcomes of the comparative evaluation between LSTM, XGBoost, and hybrid LSTM-XGBoost models for short term cryptocurrency forecasting. It also discusses the contribution of the research, identifies limitations, and outlines potential directions for future work. The purpose of this chapter is to evaluate whether the objectives of the study have been achieved and to assess the broader implications of artificial intelligence driven forecasting systems within cryptocurrency markets.
[bookmark: _Toc229225291][bookmark: _Toc229321899]6.2 Summary of Findings
The primary aim of this research was to design, develop, and evaluate an AI driven cryptocurrency forecasting system capable of comparing LSTM, XGBoost, and hybrid LSTM-XGBoost models within a controlled experimental framework. To achieve this, a unified system was developed that integrated data collection, preprocessing, feature engineering, model training, forecasting evaluation, and visual analysis.
The findings demonstrate that both machine learning and deep learning approaches are capable of identifying short term patterns within cryptocurrency price movements despite the highly volatile and nonlinear nature of digital asset markets. Among the evaluated models, XGBoost achieved the strongest overall forecasting accuracy across the primary statistical evaluation metrics, including RMSE, MAE, MAPE, and R². The model demonstrated strong capability in modelling short term Bitcoin price behaviour through engineered technical indicators and structured learning approaches.
Although the LSTM model remained competitive and demonstrated strong capability in capturing sequential market trends and temporal dependencies, it did not outperform XGBoost under the conditions used in this study. The LSTM model generally produced smoother prediction behaviour and followed broader market movements effectively, but it occasionally struggled to respond to sudden short term volatility.
In addition to achieving the strongest overall forecasting accuracy, XGBoost also demonstrated practical advantages in terms of computational efficiency and interpretability. Its structured learning approach and feature based design make it a strong alternative to more computationally intensive deep learning architectures, particularly in scenarios where transparency and training efficiency are important considerations.
The hybrid LSTM-XGBoost model demonstrated that combining modelling approaches can improve certain aspects of forecasting behaviour, particularly directional accuracy. However, the hybrid approach did not outperform the standalone models in terms of overall forecasting error. The residual correction process introduced additional complexity and instability, suggesting that increasing model complexity does not necessarily lead to proportionally greater forecasting improvements within cryptocurrency markets.
Overall, the findings suggest that AI based forecasting systems can identify meaningful short-term patterns within cryptocurrency price data, although accurately forecasting highly volatile digital asset markets remains a significant challenge. The results also demonstrate that increased model complexity does not always guarantee improved predictive performance, and that carefully engineered machine learning approaches such as XGBoost remain highly effective for cryptocurrency forecasting tasks.
[bookmark: _Toc229225292][bookmark: _Toc229321900]6.3 Research Objectives Evaluation
The first objective of this research was to critically evaluate existing cryptocurrency forecasting methods and identify limitations within the current literature. This objective was achieved through a comprehensive literature review that examined traditional statistical methods, machine learning approaches, deep learning architectures, and hybrid forecasting systems. Several gaps were identified, including inconsistent experimental designs, limited comparative evaluation under identical conditions, and insufficient consideration of practical forecasting behaviour.
The second objective involved collecting, cleaning, and preparing historical cryptocurrency market data for modelling and evaluation. This objective was successfully completed through the use of the CoinGecko API, with preprocessing techniques applied to ensure consistency, continuity, and suitability for machine learning and deep learning applications.
The third objective was to design and implement LSTM, XGBoost, and hybrid forecasting models for short term Bitcoin price prediction. All three models were successfully developed within a controlled experimental framework, allowing fair comparison under identical conditions.
The final objective was to evaluate the effectiveness of these models using forecasting metrics and comparative analysis procedures. This objective was achieved through evaluation using RMSE, MAPE, MAE, R², directional accuracy, and visual comparison of predicted and actual Bitcoin prices. The results provided insight into the strengths and limitations of each modelling approach and addressed the research questions proposed at the beginning of the study.
[bookmark: _Toc229225293][bookmark: _Toc229321901]6.4 Limitations of the Research
Despite the positive findings, several limitations must be acknowledged. First, the dataset used in this research was limited to one year of daily Bitcoin market data. Although sufficient for experimental evaluation, a larger dataset spanning multiple market cycles may improve model robustness and generalisability.
Second, the use of daily frequency data limits the ability of the models to capture intraday market behaviour and high frequency trading patterns. Cryptocurrency markets operate continuously, and shorter time intervals may contain additional predictive information that was not captured in this study.
Another limitation relates to model optimisation. Due to computational and time constraints, hyperparameter tuning was limited, particularly for the deep learning models. More extensive optimisation procedures may improve forecasting performance and model stability.
In addition, the forecasting models rely primarily on historical price based indicators and technical features. External influences such as social media sentiment, macroeconomic events, regulatory announcements, and on-chain blockchain activity were not included within the modelling framework. These factors may significantly influence cryptocurrency price behaviour and represent important areas for future investigation.
Finally, although the models demonstrated the ability to capture general market trends, all approaches struggled to fully respond to sudden volatility and unpredictable market shifts. This reflects the inherently unstable nature of cryptocurrency markets and the difficulty of accurately forecasting digital asset prices.
[bookmark: _Toc229225294][bookmark: _Toc229321902]6.5 Future Work
Several opportunities exist for extending this research. Future studies could expand the dataset to include multiple cryptocurrencies and longer historical periods to improve generalisability across different market conditions. Incorporating higher frequency data, such as hourly or minute observations, may also improve the ability of models to capture short term market dynamics.
Further research could integrate additional data sources, including social media sentiment, macroeconomic indicators, and blockchain transaction activity. Combining these alternative data sources with historical price information may improve forecasting performance and provide a more comprehensive representation of cryptocurrency market behaviour.
Future work could also explore more advanced deep learning architectures, such as Transformer models, attention mechanisms, or reinforcement learning approaches for sequential forecasting tasks. More extensive hyperparameter optimisation and automated model tuning techniques may further improve forecasting accuracy and model stability.
Another important area for future development is explainable artificial intelligence (XAI). Improving model interpretability may increase transparency and provide greater insight into how AI forecasting systems make predictions, which could improve trust and practical adoption within financial environments.
[bookmark: _Toc229225295][bookmark: _Toc229321903]6.6 Final Conclusion
This project investigated the application of machine learning and deep learning techniques for short term cryptocurrency forecasting through the comparative evaluation of LSTM, XGBoost, and hybrid LSTM-XGBoost models. The findings demonstrate that AI forecasting systems are capable of capturing meaningful patterns within highly volatile cryptocurrency markets, although forecasting accuracy remains constrained by the unpredictable nature of digital assets.
The results suggest that XGBoost achieved the strongest overall forecasting accuracy under the experimental conditions of this study, while LSTM remained competitive due to its ability to model sequential patterns. The hybrid LSTM-XGBoost model did not improve error based forecasting performance, although it achieved slightly higher directional accuracy.
Overall, this research contributes to the understanding of AI driven cryptocurrency forecasting by providing a controlled comparative framework for evaluating machine learning and deep learning models under identical experimental conditions. While significant challenges remain, particularly in relation to volatility and market unpredictability, the findings demonstrate the growing potential of artificial intelligence techniques within cryptocurrency forecasting and financial data analysis.
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