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ABSTRACT 

The volatility of cryptocurrency markets has increased the demand for accurate 

forecasting models that can help investors and analysts anticipate price movements. 

This study evaluates the predictive performance of four machine learning algorithms, 

namely Linear Regression, Random Forest, XGBoost, and Long Short-Term Memory 

(LSTM), in forecasting the closing price of the AAVE cryptocurrency. The models 

were trained using historical market data consisting of key indicators such as Open, 

High, Low, Volume, and Marketcap. Their performance was assessed using Mean 

Absolute Error (MAE), Root Mean Square Error (RMSE), and the Coefficient of 

Determination (R²). The results show that Linear Regression produced the most 

accurate predictions with the lowest MAE (8.13), RMSE (8.76), and the highest R² 

(0.9924). Random Forest and XGBoost also achieved good results with R² values of 

0.9337 and 0.9484, respectively, while the LSTM model performed poorly with an R² 

of 0.4328. The study concludes that simpler models can outperform more complex 

algorithms when the dataset is limited and exhibits linear behavior. The findings 

emphasize that model selection in cryptocurrency forecasting should consider data 

structure and quantity. Future work should involve larger datasets, higher-frequency 

data, and hybrid models that integrate ensemble learning and deep learning for 

improved predictive accuracy. 

Keywords Cryptocurrency Forecasting, Machine Learning, AAVE, Deep Learning, Time 

Series 

INTRODUCTION 

The emergence of cryptocurrencies as a decentralized financial 

innovation has significantly influenced the global financial landscape. 

Built upon blockchain technology, cryptocurrencies such as Bitcoin, 

Ethereum, and AAVE have transformed digital finance by offering 

transparent, borderless, and decentralized systems for value transfer. 

However, despite their technological potential, cryptocurrencies remain 

highly speculative assets characterized by extreme volatility, rapid 

market fluctuations, and sensitivity to both internal and external factors 

[1]. These characteristics make cryptocurrency price prediction a 

complex and critical challenge for investors, traders, and policymakers. 

Accurate forecasting models can support better decision-making, risk 

management, and strategic investment planning, which are essential in 

such a dynamic and uncertain market environment. 

Traditional financial models often struggle to capture the nonlinear and 

stochastic nature of cryptocurrency price behavior. Early research 
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predominantly employed statistical approaches such as Linear 

Regression, ARIMA, and GARCH to predict financial time series [2]. 

While these models are efficient and interpretable, they assume linear 

relationships and stationary data, which limits their performance in 

markets characterized by abrupt structural changes. To address these 

limitations, the field has shifted toward the use of artificial intelligence and 

machine learning methods. Machine learning models such as Random 

Forest, Support Vector Regression, and XGBoost have shown significant 

promise in improving predictive accuracy by capturing complex 

interactions between multiple market features [3]. These models are 

capable of learning nonlinear relationships and have been widely 

adopted in financial forecasting tasks, outperforming traditional statistical 

techniques in many applications. 

In parallel with the development of machine learning, deep learning has 

emerged as a powerful paradigm for time series analysis, particularly for 

financial data with temporal dependencies. Among deep learning 

models, the LSTM network has attracted considerable attention for its 

ability to retain long-term contextual information, which makes it 

particularly effective in sequential prediction tasks. Several studies have 

reported that LSTM models outperform conventional algorithms when 

applied to large, high-frequency cryptocurrency datasets [4]. For 

example, it has been shown that LSTM models can capture nonlinear 

dependencies in stock market data and achieve higher accuracy than 

traditional methods in cryptocurrency price forecasting. These 

advancements represent the current state of the art in financial time 

series prediction, highlighting how deep learning can leverage sequential 

data structures to enhance forecasting accuracy. 

Despite these advancements, there remain several research gaps in the 

existing literature. First, many prior studies have focused on highly traded 

cryptocurrencies such as Bitcoin and Ethereum, resulting in limited 

attention to alternative tokens like AAVE, which possess distinct liquidity 

levels, price behaviors, and volatility patterns [5]. Second, most prior 

research assumes that deep learning models automatically outperform 

simpler algorithms, without systematically comparing different 

approaches under identical data conditions. This assumption may not 

always hold true, particularly when datasets are small, less noisy, or 

exhibit primarily linear characteristics. Third, several studies have 

reported results using inconsistent evaluation metrics, making it difficult 

to compare model performance across different works. Addressing these 

gaps requires a structured comparative analysis of multiple machine 

learning approaches under uniform testing conditions, using 

standardized performance indicators. 

The present study aims to fill these gaps by conducting a comparative 

analysis of four machine learning algorithms Linear Regression, Random 

Forest, XGBoost, and LSTM for predicting the closing price of the AAVE 

cryptocurrency. The analysis is based on historical market data 
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incorporating key features such as Open, High, Low, Volume, and 

Marketcap. Each model is evaluated using three widely accepted 

performance metrics: MAE, RMSE and the Coefficient of Determination 

(R²). The study contributes to both theory and practice by providing an 

empirical understanding of how model complexity interacts with data 

characteristics to affect prediction performance. Furthermore, this 

research offers practical insights for investors, data scientists, and 

policymakers regarding the appropriate selection of forecasting models 

in digital asset markets. By comparing traditional, ensemble-based, and 

deep learning approaches within the same experimental framework, this 

study provides a balanced perspective on the relative advantages and 

limitations of each method in the context of cryptocurrency price 

forecasting. 

Literature Review and Related Works 

The prediction of cryptocurrency prices has attracted increasing attention 

in financial research due to the high volatility, nonlinear dynamics, and 

speculative nature of digital asset markets. Early studies mainly relied on 

traditional econometric models such as Autoregressive Integrated 

Moving Average (ARIMA) and Generalized Autoregressive Conditional 

Heteroskedasticity (GARCH) for price forecasting [6], [7]. Although these 

approaches provided useful insights for stable financial markets, they 

often failed to capture the complex and nonlinear behavior of 

cryptocurrencies. To address these limitations, machine learning 

techniques have been introduced to model the intricate dependencies 

between multiple financial indicators and price movements [8]. 

Recent studies have shown that machine learning algorithms such as 

Linear Regression, Support Vector Regression (SVR), Random Forest 

(RF), and Gradient Boosting methods outperform traditional statistical 

models when applied to volatile financial data [9], [10]. These methods 

can model nonlinear relationships and handle noise effectively, allowing 

for improved generalization in dynamic market conditions. Among 

ensemble methods, Random Forest has been widely adopted due to its 

robustness and ability to reduce overfitting in cryptocurrency prediction 

[11]. Similarly, XGBoost, an advanced gradient boosting framework, has 

demonstrated superior accuracy and computational efficiency in several 

financial forecasting applications [12], [13]. Both models have become 

popular choices in data-driven finance, particularly when dealing with 

small to medium-sized datasets that exhibit nonlinear but structured 

relationships. 

Parallel to the rise of ensemble learning, deep learning models have 

emerged as a dominant trend in financial time series analysis. Recurrent 

Neural Networks (RNNs) and LSTM architectures are particularly suited 

for time-dependent data, as they can retain and utilize information from 

prior observations [14], [15]. Studies applying LSTM to Bitcoin and 
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Ethereum have reported improved predictive performance compared to 

traditional machine learning models, especially when large datasets and 

high-frequency data are available [16], [17]. However, despite their 

theoretical advantages, deep learning models often require extensive 

computational resources, large amounts of training data, and careful 

hyperparameter tuning to achieve optimal performance [18]. In situations 

involving smaller datasets or limited temporal depth, these models may 

suffer from underfitting, leading to lower predictive accuracy. 

Hybrid approaches that combine the strengths of statistical, machine 

learning, and deep learning models have also been explored to enhance 

prediction accuracy. For instance, models integrating ARIMA and LSTM 

have been used to capture both short-term and long-term dependencies 

in financial time series [19]. Other studies have proposed hybrid 

frameworks combining XGBoost and neural networks to balance 

interpretability and predictive power [20]. Although these methods have 

achieved promising results, they often introduce higher computational 

complexity and risk of overfitting, making them less suitable for real-time 

applications or small-sample contexts. 

Despite significant advancements in cryptocurrency forecasting, several 

research gaps remain. Most prior studies have concentrated on major 

cryptocurrencies such as Bitcoin and Ethereum, leaving alternative 

tokens like AAVE underexplored. Additionally, few works have 

systematically compared models of varying complexity under identical 

data and evaluation conditions. This study aims to fill this gap by 

conducting a comparative performance analysis of Linear Regression, 

Random Forest, XGBoost, and LSTM models using consistent metrics 

such as MAE, RMSE and the Coefficient of Determination (R²). Through 

this structured evaluation, the research seeks to provide empirical 

evidence on how model complexity and dataset characteristics influence 

the predictive performance of cryptocurrency forecasting methods. 

Methodology 

This study employed a quantitative experimental approach to evaluate 

the performance of four predictive algorithms, namely Linear Regression, 

Random Forest, XGBoost, and LSTM, in forecasting the closing price of 

the AAVE cryptocurrency. The research framework consisted of several 

sequential stages, beginning with data acquisition, followed by data 

preprocessing, model development, evaluation, and performance 

comparison. Each stage was designed to ensure methodological 

consistency, reproducibility, and fairness among all models. The overall 

process of this research is illustrated in figure 1, which depicts the flow of 

the study from dataset preparation to model evaluation. The figure shows 

five main stages: (1) data collection and feature selection, (2) 

preprocessing and normalization, (3) model training and optimization, (4) 
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model evaluation using statistical metrics, and (5) result comparison and 

visualization. 

 

Figure 1 Research Step 

The dataset used in this study consists of historical daily trading data of 

the AAVE cryptocurrency, obtained from publicly available market 

repositories. The dataset includes several key financial indicators such 

as opening price, highest price, lowest price, trading volume, market 
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capitalization, and closing price. The closing price was used as the target 

variable, while the other indicators served as independent features. 

AAVE was selected as the subject of analysis due to its growing role in 

decentralized finance (DeFi) and its underrepresentation in existing 

cryptocurrency forecasting research compared to widely studied assets 

like Bitcoin and Ethereum. The dataset was sufficiently large to capture 

both short-term fluctuations and medium-term price trends, making it 

suitable for evaluating the performance of multiple predictive algorithms. 

To prepare the data for modeling, several preprocessing procedures 

were implemented to ensure reliability and accuracy. Missing values 

were detected and imputed using linear interpolation to maintain 

temporal continuity. Outliers caused by extreme price swings were 

mitigated through winsorization, preserving the underlying structure of 

the data while reducing noise. All numeric variables were normalized 

using the Min–Max scaling technique to transform their values into the 

range [0, 1]. The normalization was applied using the following equation: 

𝑋𝑠𝑐𝑎𝑙𝑒𝑑 =
𝑋 − 𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛
 (1) 

𝑋represents the original feature value, 𝑋𝑚𝑖𝑛is the minimum observed 

value, and 𝑋𝑚𝑎𝑥is the maximum observed value in the feature column. 

The dataset was divided into training and testing subsets using an 80:20 

ratio, ensuring that each model was evaluated on unseen data to 

measure generalization performance. For the LSTM model, the data 

were further reshaped into a three-dimensional array 
[𝑠𝑎𝑚𝑝𝑙𝑒𝑠, 𝑡𝑖𝑚𝑒𝑠𝑡𝑒𝑝𝑠, 𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠]to enable temporal learning from 

sequential price information. 

Four predictive models were implemented and compared. The Linear 

Regression model served as the baseline, estimating the closing price as 

a linear combination of the input variables. The Random Forest algorithm 

constructed multiple decision trees and averaged their outputs to 

minimize variance and overfitting. The XGBoost model extended this 

concept through gradient boosting, where subsequent trees iteratively 

reduced the residual errors from prior trees to improve precision. The 

LSTM network represented the deep learning approach, employing 

memory cells and gating mechanisms to capture long-term 

dependencies in the sequential data. The LSTM architecture used in this 

study consisted of two hidden layers with 64 and 32 units, followed by a 

dropout layer with a 0.2 probability and an output dense layer for 

regression. The network was trained for 100 epochs using the Adam 

optimizer with a mean squared error loss function. 

The models were evaluated using three statistical performance metrics: 

MAE, RMSE and the Coefficient of Determination (R²). The MAE 

quantifies the average magnitude of prediction errors using the formula: 
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𝑀𝐴𝐸 =
1

𝑛
∑ ∣

𝑛

𝑖=1

𝑦𝑖 − 𝑦̂𝑖 ∣ (2) 

𝑦𝑖is the actual closing price, 𝑦̂𝑖is the predicted price, and 𝑛is the total 

number of observations. The RMSE measures the square root of the 

average squared deviations between actual and predicted values, 

expressed as: 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(

𝑛

𝑖=1

𝑦𝑖 − 𝑦̂𝑖)
2 (3) 

Finally, the R² statistic represents the proportion of variance in the 

observed data explained by the model, defined as: 

𝑅2 = 1 −
∑ (

𝑛

𝑖=1
𝑦𝑖 − 𝑦̂𝑖)

2

∑ (
𝑛

𝑖=1
𝑦𝑖 − 𝑦̄)2

 (4) 

𝑦̄is the mean of the observed prices. A higher R² value indicates that the 

model better fits the data, while lower MAE and RMSE values signify 

higher prediction accuracy. 

All experiments were conducted using Python 3.9 in the Google Colab 

environment with GPU acceleration to enhance computational efficiency. 

The Random Forest and XGBoost models underwent hyperparameter 

tuning through grid search optimization to determine the optimal number 

of estimators, learning rate, and tree depth. The LSTM model was trained 

with early stopping criteria to prevent overfitting. Visual inspection of 

model performance was performed by plotting predicted versus actual 

price trajectories, enabling qualitative validation of quantitative results. 

The methodology ensures that each algorithm was evaluated fairly under 

consistent experimental conditions, allowing for an unbiased assessment 

of model capability in forecasting AAVE’s closing price. 

Algorithm 1 AAVE Price Forecasting Framework Using Machine Learning and Deep 

Learning 

Input: Historical dataset 𝐷 = {(𝑥𝑡 , 𝑦𝑡)}𝑡=1
𝑁 , where 𝑥𝑡 = [𝑂𝑡, 𝐻𝑡, 𝐿𝑡, 𝑉𝑡, 𝑀𝑡]and 𝑦𝑡is the closing 

price 

Output: Predicted AAVE closing prices 𝑦̂𝑡and evaluation metrics (MAE, RMSE, R²) 

Process: 

Start 

Perform data preprocessing by handling missing values using interpolation, expressed as 

If 𝑥𝑡 = NaN,  𝑥𝑡 =
𝑥𝑡−1 + 𝑥𝑡+1

2
 

 

Reduce outliers using winsorization, defined as 

𝑥𝑡 = min(max(𝑥𝑡 , 𝑄0.05), 𝑄0.95) 
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Normalize each feature using Min–Max scaling: 

𝑥̃𝑡 =
𝑥𝑡 −min(𝑥)

max(𝑥) − min(𝑥)
 

 

Split the dataset into training and testing subsets: 

𝐷𝑡𝑟𝑎𝑖𝑛 = 𝐷[1: 0.8𝑁], 𝐷𝑡𝑒𝑠𝑡 = 𝐷[0.8𝑁 + 1:𝑁] 
 

Train each predictive model 𝑓𝑚(𝑥𝑡; 𝜃𝑚), where 𝑚 ∈ {𝐿𝑅, 𝑅𝐹, 𝑋𝐺𝐵, 𝐿𝑆𝑇𝑀}, using the training set 

𝐷𝑡𝑟𝑎𝑖𝑛. 

Obtain predictions from each model as 𝑦̂𝑡 = 𝑓𝑚(𝑥𝑡; 𝜃𝑚). 

Evaluate each model using three statistical measures: 

𝑀𝐴𝐸 =
1

𝑛
∑ ∣

𝑛

𝑡=1

𝑦𝑡 − 𝑦̂𝑡 ∣ 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(

𝑛

𝑡=1

𝑦𝑡 − 𝑦̂𝑡)
2 

𝑅2 = 1 −
∑(𝑦𝑡 − 𝑦̂𝑡)

2

∑(𝑦𝑡 − 𝑦̄)2
 

 

Select the best-performing model based on the highest 𝑅2value and the lowest error rates, 

defined as 

𝑓∗ = argmax
𝑚

(𝑅𝑚
2 ) subject to min(𝑀𝐴𝐸𝑚, 𝑅𝑀𝑆𝐸𝑚) 

 

Visualize the results by plotting actual versus predicted prices for each model and summarizing 

their performance metrics in tabular form. 

End 

Results  

The performance comparison of the four machine learning models was 

conducted using three widely recognized statistical metrics, namely MAE, 

RMSE) and the Coefficient of Determination (R²). These metrics were 

chosen to provide a comprehensive evaluation of prediction accuracy and 

model reliability. MAE measures the average magnitude of errors 

between predicted and actual values, offering an intuitive understanding 

of how far predictions deviate from reality. RMSE, on the other hand, 

emphasizes larger errors by squaring the residuals before averaging, 

making it more sensitive to extreme deviations that can significantly 

impact model robustness. R² assesses how well each model explains the 

variance in the actual data, with higher values indicating a better fit and 

greater predictive precision. Collectively, these three metrics capture 

different aspects of model performance, ensuring a balanced evaluation 

of both accuracy and generalization ability. 

The quantitative outcomes of each model are summarized in table 1. The 

Linear Regression model achieved the best overall performance, with the 

lowest MAE and RMSE values and the highest R² score of 0.9924, 

indicating a strong linear correlation between the input features and the 

closing price of AAVE. The ensemble-based models, Random Forest and 
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XGBoost, also produced strong results, achieving R² values of 0.9337 

and 0.9484 respectively, which reflect their capacity to model non-linear 

relationships in financial data. However, the LSTM model exhibited the 

weakest performance, with significantly higher error values and an R² of 

0.4328. This suggests that the model struggled to capture temporal 

dependencies within the limited dataset, likely due to the small number of 

observations and the absence of extensive time-lag features. Overall, the 

results indicate that simpler models such as Linear Regression performed 

more effectively than complex algorithms under the given data conditions. 

Table 1 Performance metrics of machine learning models for AAVE price forecasting 

Model MAE RMSE R² 

Linear Regression 8.13 8.76 0.9924 

Random Forest 17.18 25.84 0.9337 

XGBoost 12.80 22.80 0.9484 

LSTM 54.13 68.89 0.4328 

As presented in table 1, the Linear Regression model produced the most 

accurate predictions among all models, achieving the lowest MAE value 

of 8.13 and the lowest RMSE value of 8.76, along with the highest R² 

score of 0.9924. These results demonstrate that the movement of the 

AAVE closing price during the study period was strongly and linearly 

associated with fundamental market indicators such as Open, High, Low, 

Volume, and Marketcap. The consistency between predicted and actual 

values indicates that the model effectively captured the dominant linear 

trends within the dataset, suggesting that AAVE’s short-term price 

variations were largely influenced by these straightforward relationships. 

Meanwhile, the Random Forest and XGBoost models also achieved 

relatively high predictive accuracy, with R² values of 0.9337 and 0.9484 

respectively, showing their ability to model more complex non-linear 

interactions in the data. However, their higher MAE and RMSE values 

suggest that ensemble-based algorithms were slightly less precise in 

capturing sudden market fluctuations compared to the simpler linear 

approach. In contrast, the LSTM model performed considerably worse, 

with a much lower R² of 0.4328, reflecting its inability to effectively learn 

from the limited dataset. The poor performance of the LSTM model 

indicates underfitting and suggests that it lacked sufficient temporal 

information and training data to identify sequential dependencies that 

typically drive deep learning performance in time series forecasting. 

The overall comparison between the predicted and actual closing prices 

of AAVE generated by all four models is presented in figure 2. From this 

visualization, it is evident that the Linear Regression, Random Forest, and 

XGBoost models closely tracked the actual price movements throughout 

the testing period, demonstrating their effectiveness in replicating both 

short-term fluctuations and overall market direction. The Linear 

Regression model, in particular, showed an almost perfect alignment 
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between predicted and observed values, indicating that the underlying 

relationships between the predictor variables and the target price were 

predominantly linear. This suggests that the AAVE market during the 

analyzed period exhibited relatively stable behavior, allowing simpler 

models to achieve high accuracy without requiring complex non-linear 

transformations. Both the Random Forest and XGBoost models followed 

the same general price trajectory, successfully identifying upward and 

downward trends while maintaining stable outputs even during moderate 

price variations. 

Although ensemble-based models provided robust predictions, their 

results appeared slightly smoother compared to actual data due to the 

averaging processes inherent in tree-based learning methods. The LSTM 

model, in contrast, displayed a delayed response pattern, producing 

predictions that trailed behind real-time price shifts and failed to capture 

sudden market fluctuations. The smoother curve generated by LSTM 

reflects its tendency to generalize temporal patterns across the sequence 

rather than respond to abrupt price changes. This behavior highlights the 

model’s limitation when applied to relatively short and low-frequency 

datasets, where limited temporal depth reduces its capacity to identify 

short-term volatility. As a result, while the other models effectively 

captured the dynamic characteristics of AAVE’s price movements, the 

LSTM model struggled to represent the same level of responsiveness 

required in volatile cryptocurrency markets. 

 

Figure 2 Comparison of Machine Learning Models for AAVE Price Prediction 

To provide a deeper understanding of individual model performance, 

figure 3 illustrates the prediction results of the Linear Regression model 

compared with the actual AAVE closing prices. The figure clearly shows 

that the predicted values closely mirror the real data, with both curves 

almost completely overlapping throughout the testing period. This near-

perfect alignment indicates that the model captured the main structural 

patterns of the AAVE market with remarkable precision. The consistency 
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between the two lines suggests that the underlying relationship between 

the input variables—such as Open, High, Low, Volume, and Marketcap—

and the closing price follows a predominantly linear pattern. This strong 

correlation reflects the model’s capacity to describe the essential price 

dynamics of AAVE using straightforward mathematical relationships 

without the need for complex transformations. 

Furthermore, the figure demonstrates that the Linear Regression model 

is highly effective in predicting short-term movements in cryptocurrency 

prices, especially when market conditions remain relatively stable and the 

data maintains a consistent trend. The model’s ability to maintain 

accuracy even during minor fluctuations underscores its reliability for 

short-horizon forecasting, where sudden volatility is limited. Its simplicity 

not only reduces computational complexity but also minimizes the risk of 

overfitting, a common issue in more complex machine learning 

algorithms. Overall, figure 3 provides strong evidence that, within the 

observed time frame, Linear Regression successfully captured both the 

direction and magnitude of AAVE’s price movements, confirming its role 

as a powerful yet efficient baseline model for cryptocurrency forecasting. 

 

Figure 3 Linear Regression model prediction vs. actual AAVE price 

As illustrated in figure 4, the Random Forest model successfully captured 

the general direction of the AAVE market and demonstrated strong 

predictive capability across most of the testing period. The model’s 

predictions closely followed the overall trend of the actual prices, 

reflecting its ability to generalize well across different price movements. 

However, a closer inspection of the figure reveals that the Random Forest 

model tended to slightly underestimate extreme price peaks and troughs, 

particularly during rapid market transitions. This behavior can be 

attributed to the ensemble nature of the algorithm, which combines 

multiple decision trees to form a consensus prediction. While this process 

effectively reduces overfitting and filters out random noise, it also results 

in smoother predictions that may overlook abrupt changes in the data. 

The model’s output, therefore, appears stable and consistent, but slightly 
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less responsive to short-term volatility inherent in cryptocurrency 

markets. 

The performance metrics support this visual observation, with the 

Random Forest model achieving an R² value of 0.9337, indicating that it 

explained approximately 93 percent of the variance in the actual price 

data. This strong level of accuracy demonstrates that the model was able 

to capture the dominant trends and structural patterns of the AAVE 

market despite minor deviations at extreme points. The Random Forest 

algorithm’s inherent robustness stems from its ensemble averaging 

mechanism, which mitigates the influence of outliers and unstable splits 

commonly found in individual decision trees. Consequently, the model 

maintained reliable performance even when faced with noisy or irregular 

input data. Overall, figure 4 highlights that the Random Forest model 

provides a balanced trade-off between accuracy and stability, making it 

well-suited for modeling cryptocurrency markets where moderate 

volatility and nonlinear relationships are present. 

 

Figure 4 Random Forest model prediction vs. actual AAVE price 

As shown in figure 5, the XGBoost model demonstrated superior 

predictive performance compared to the Random Forest model by 

producing smoother yet more accurate forecasts that closely followed 

both short-term fluctuations and medium-term market trends. The 

predicted curve aligned well with the actual AAVE closing prices, 

successfully capturing the general market trajectory while maintaining 

stability across volatile periods. This performance improvement can be 

attributed to the boosting mechanism of XGBoost, which builds trees 

sequentially, with each new tree learning from the residual errors of the 

previous ones. This iterative process allows the model to progressively 

refine its predictions and adjust to complex patterns in the data that might 

not be captured by other ensemble methods. The figure clearly shows 

that XGBoost was able to represent price reversals and intermediate 

corrections more effectively than Random Forest, suggesting that its 
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gradient-based optimization framework enhances learning precision 

without excessive smoothing. 

The evaluation metrics further confirm XGBoost’s effectiveness, with the 

model achieving an R² value of 0.9484, indicating that it explained nearly 

95 percent of the variance in the actual AAVE price data. This high level 

of accuracy demonstrates that XGBoost provided a balanced trade-off 

between prediction precision and model stability, successfully avoiding 

both overfitting and underfitting. The relatively low error values also 

highlight the model’s capacity to generalize well, even in the presence of 

minor nonlinearities and noise within the dataset. Moreover, the boosting 

approach’s ability to dynamically reweight observations based on prior 

errors enabled XGBoost to be more sensitive to subtle price variations 

that occur in cryptocurrency markets. Overall, figure 5 illustrates that 

XGBoost is a highly effective model for financial time series forecasting, 

offering adaptability, efficiency, and strong predictive accuracy in 

datasets characterized by moderate complexity. 

 

Figure 5 XGBoost model prediction vs. actual AAVE price 

Finally, figure 6 presents the results of the LSTM deep learning model, 

which exhibited significantly different behavior compared to the other 

models evaluated in this study. The figure shows that the LSTM 

predictions formed a smoother curve that failed to capture sharp 

fluctuations in AAVE’s actual market prices. The model’s predicted values 

tended to lag behind the real data, particularly during periods of rapid 

upward or downward movement. This lagging pattern suggests that the 

model was unable to respond effectively to sudden volatility in the 

cryptocurrency market. The smoothness of the prediction curve reflects 

an overgeneralization of temporal trends, where the model prioritizes 

long-term stability over short-term accuracy. As a result, LSTM’s 

performance in this context did not align with its theoretical advantage of 

handling sequential dependencies in time series data, primarily due to the 

limited length and variability of the training dataset used. 
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The model’s underperformance is quantitatively supported by its low R² 

value of 0.4328, which indicates that less than half of the actual price 

variance was explained by the LSTM predictions. This outcome implies 

that the model failed to effectively capture complex temporal relationships 

within the AAVE price sequence. LSTM networks typically require large, 

continuous, and high-frequency datasets to develop a deep 

understanding of temporal dependencies, especially in volatile financial 

markets. In this study, the relatively small sample size and daily-level 

granularity constrained the model’s learning capacity. Moreover, the lack 

of additional sequential features such as lagged returns or sentiment 

indicators further limited its ability to identify cyclical patterns. 

Consequently, while LSTM remains a powerful deep learning method for 

sequence modeling, figure 6 clearly demonstrates that its effectiveness 

depends heavily on dataset size, structure, and the inclusion of time-

aware variables, all of which were limited in this analysis. 

 

Figure 6 LSTM model prediction vs. actual AAVE price 

Overall, both the quantitative and visual analyses confirm that Linear 

Regression outperformed the ensemble and deep learning models in 

predicting AAVE’s closing price. 

The model’s simplicity allowed it to generalize effectively within the 

observed linear patterns of the dataset, whereas ensemble and deep 

learning models required more complex and abundant data to achieve 

optimal results. 

Discussion 

The comparative analysis of the four models reveals important insights 

into the relationship between model complexity, data characteristics, and 

forecasting performance in cryptocurrency price prediction. The Linear 

Regression model emerged as the most accurate and reliable predictor 

of AAVE’s closing price, outperforming both ensemble and deep learning 

models. This outcome suggests that the AAVE price data during the 

observed period followed a largely linear and trend-based pattern, where 
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changes in the closing price could be effectively explained by a linear 

combination of fundamental market variables such as Open, High, Low, 

Volume, and Marketcap. The model’s simplicity and transparency 

allowed it to capture the dominant market structure without introducing 

excessive variance or noise. These results are consistent with findings 

from prior studies indicating that linear regression methods can perform 

remarkably well in short-term financial forecasting when market 

dynamics exhibit moderate volatility and limited structural shifts [21]. 

The ensemble models, Random Forest and XGBoost, also demonstrated 

strong predictive capabilities, achieving high R² values above 0.93. Both 

models successfully captured nonlinear interactions among input 

variables and provided stable results despite small fluctuations in price. 

However, their slightly lower accuracy compared to the Linear 

Regression model can be attributed to the data’s limited size and 

relatively low level of nonlinear complexity. Ensemble methods are 

designed to perform best with large, heterogeneous datasets containing 

multiple nonlinear relationships and feature interactions. In the present 

study, where the predictors were few and largely correlated, ensemble 

models added unnecessary model complexity that led to over-smoothing 

and a small increase in prediction error. Nonetheless, the XGBoost 

model performed marginally better than Random Forest, owing to its 

gradient boosting mechanism, which iteratively minimizes residual errors 

and adapts more efficiently to underlying data patterns. This behavior 

aligns with prior research suggesting that boosting-based algorithms tend 

to outperform bagging approaches when handling moderately nonlinear 

datasets with limited noise [22], [23]. 

In contrast, the LSTM model produced the weakest results, with an R² of 

only 0.4328. Despite being theoretically well-suited for sequential data 

modeling, the LSTM network underperformed due to the dataset’s 

restricted length and low temporal granularity. Deep learning 

architectures like LSTM require extensive historical data to identify long-

term dependencies and seasonal trends [24]. In this study, the model 

was trained on daily closing prices covering a limited time span, which 

provided insufficient temporal context for the network to learn meaningful 

patterns. Moreover, the absence of additional sequential features such 

as lagged returns, moving averages with different window sizes, or 

sentiment indicators from social media further constrained the model’s 

ability to represent complex temporal dynamics. Previous studies have 

similarly shown that LSTM models tend to underperform in small-sample 

financial datasets, particularly when compared to simpler machine 

learning approaches [25]. 

The overall findings highlight a crucial trade-off between model 

complexity and data adequacy in financial forecasting. While advanced 

models such as LSTM and XGBoost are capable of capturing intricate 

nonlinearities and long-term dependencies, their advantages diminish 
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when applied to limited datasets with weak temporal structures. In 

contrast, simpler models like Linear Regression can achieve superior 

performance under such conditions, as they efficiently capture dominant 

linear relationships without overfitting. This suggests that model selection 

in cryptocurrency forecasting should not rely solely on algorithmic 

sophistication but rather on the interplay between data quality, quantity, 

and the nature of market behavior. For highly volatile markets or larger 

datasets with strong sequential signals, deep learning architectures may 

offer significant improvements. However, for short-term forecasting with 

limited data, classical machine learning models remain highly competitive 

and, in some cases, preferable [26]. 

Conclusion 

This study aimed to evaluate and compare the predictive performance of 

four machine learning algorithms, namely Linear Regression, Random 

Forest, XGBoost, and LSTM, in forecasting the closing price of the AAVE 

cryptocurrency. The findings revealed clear variations in performance 

across the models, highlighting how algorithmic complexity and data 

characteristics jointly influence forecasting accuracy. Among the tested 

models, Linear Regression achieved the highest predictive accuracy, 

recording the lowest MAE and RMSE values and the highest R² score of 

0.9924. These results indicate that the AAVE price dynamics during the 

study period were largely governed by linear relationships among core 

market indicators such as Open, High, Low, Volume, and Marketcap. The 

model’s strong performance demonstrates that when cryptocurrency data 

displays stable and trend-oriented patterns, simple regression-based 

approaches can produce reliable forecasts with minimal error. The 

ensemble models, Random Forest and XGBoost, also showed strong 

predictive capabilities, with R² values of 0.9337 and 0.9484 respectively, 

suggesting that they effectively captured moderate nonlinearities in the 

dataset. However, their slightly higher error values indicate that while 

ensemble methods enhance robustness, they may introduce over-

smoothing, reducing responsiveness to rapid market fluctuations. 

In contrast, the LSTM deep learning model produced the weakest 

performance, with a notably lower R² value of 0.4328 and significantly 

higher prediction errors. This underperformance suggests that the model 

failed to capture meaningful temporal dependencies due to the limited 

dataset size and low data granularity. Deep learning models such as 

LSTM are inherently designed to learn from long- and detailed-time 

sequences, and their effectiveness depends on the availability of 

extensive historical and high-frequency data. The small sample size and 

absence of additional sequential features, such as lagged returns, 

sentiment data, or macroeconomic indicators, constrained the model’s 

ability to generalize complex patterns in AAVE price movements. These 

findings underscore the importance of aligning model complexity with 

data characteristics. Simpler models like Linear Regression and 
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ensemble methods are more effective when data availability is limited and 

relationships are relatively straightforward, while deep learning models 

are better suited for larger datasets with richer temporal information. 

Future research should expand the dataset by incorporating longer time 

periods, high-frequency trading data, and external variables such as 

investor sentiment or blockchain activity, as well as explore hybrid 

approaches that combine ensemble learning and deep learning to 

enhance prediction accuracy and model stability. 
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