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Abstract:  
This study investigates the effectiveness of the XGBoost algorithm in 

forecasting the daily stock prices of Tesla Inc., a highly volatile equity in 

the U.S. stock market. Using historical data spanning from January 3, 2023 

to June 9, 2025, collected from Yahoo Finance, the research constructs a 

predictive model based on machine learning and technical analysis 

principles. The methodology involves preprocessing and feature 

engineering using price and volume-based indicators, followed by 

hyperparameter tuning through GridSearchCV to enhance model 

performance. The results reveal that the XGBoost model achieves robust 

predictive accuracy, with a Mean Absolute Percentage Error (MAPE) of 

7.6%, Mean Absolute Error (MAE) of 23.90, and Root Mean Squared Error 

(RMSE) of 33.33. These findings highlight the potential of gradient 

boosting methods in handling noisy and nonlinear stock market data.   

Keywords: Stock price forecasting; Technical indicators; XGBoost; Tesla 

Inc.; Financial volatility. 
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1. INTRODUCTION 

Eugene Fama found that there is ample evidence supporting the 

Efficient Market Hypothesis, which suggests that security prices “fully 

reflect” relevant information at any given time: Therefore, neither technical 

nor fundamental analysis is effective in consistently finding abnormal 

returns under efficient market conditions (Malkiel, 2003).   

But in reality, investors earn a certain amount of returns by applying 

various prediction methods, usually technical analysis, applied across 
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different asset markets (Stanković et al., 2015). Oriani & Coelho found that 

technical indicators when used as inputs can improve the accuracy of stock 

forecasts and the combination of various indicators as inputs can further 

improve forecasting performance (Oriani & Coelho, 2016).  

Investment in the stock market is considered to have a high risk with 

high returns, attracting the attention of many investors and economists 

(Ajiga et al., 2024). However, information about stocks is usually 

incomplete, complex, uncertain and vague, making it challenging to predict 

future economic performance (Eggen et al., 2025). Time series data analysis 

helps in identifying patterns, trends, and periods or cycles present in data in 

the stock market (Hyndman & Athanasopoulos, 2018).   

This makes time series analysis and forecasting an important area of 

research. The continuous evolution in the field of Machine Learning and 

Artificial Intelligence and the fact that financial market information is 

becoming more accessible to a large number of investors results in the 

emergence of advanced trading algorithms that consequently begin to have 

a significant influence on market behavior (Nobre & Neves, 2019).  

Extreme Gradient Boosting, or XGBoost for short is an efficient open-

source implementation of the gradient boosting algorithm developed by 

Tianqi Chen and Carlos Guestrin. The most important factor behind 

XGBoost's success is its scalability and speed in all scenarios (Rizkallah, 

2025). The system runs ten times faster than popular existing solutions on a 

single machine and scales up to billions of examples in distributed or 

memory-constrained settings(Chen, 2016).  

XGBoost dominates structured or tabular data sets on classification 

and regression predictive modeling problems as evidenced by the fact that 

the algorithm is always used by competition winners on the competitive 

data science platform Kaggle (Chen & Guestrin, 2016). Although XGBoost 

is designed for classification and regression on tabular data sets, it can also 

be used for time series forecasting(Chenchen, 2024). 

1.1 Research Problem: 

Despite the growing use of machine learning models in financial 

forecasting, accurately predicting stock prices in highly volatile markets 
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remains a difficult task due to uncertainty, rapid fluctuations, and complex 

nonlinear relationships in the data. Tesla Inc., known for its significant price 

volatility, provides an appropriate case study to evaluate the robustness of 

advanced prediction models. 

Accordingly, this study seeks to address the following research 

problem: 

How accurate is the XGBoost algorithm in predicting Tesla’s stock 

price using technical indicators? 

1.2 Research Hypotheses: 

Based on the research problem and the reviewed literature, this study 

proposes the following hypotheses: 

H1: The XGBoost model is capable of predicting Tesla’s stock prices with a 

high level of accuracy. 

H2: The inclusion of technical indicators (such as SMA, EMA, RSI, and 

MACD) significantly improves the predictive performance of the XGBoost 

model. 

H3: The XGBoost model is effective in capturing nonlinear patterns in 

highly volatile stock price data. 

1.3 Objectives of the Study: 

The main objectives of this study are to: 

 apply the XGBoost algorithm to forecast Tesla’s daily stock prices; 

 evaluate the predictive performance of the model using standard 

error metrics; 

 examine the contribution of technical indicators to model accuracy; 

 assess the suitability of XGBoost for highly volatile financial time 

series. 

1.4 Previous Studies and Critical Review : 

A growing body of literature has examined the application of machine 

learning techniques in stock price forecasting. Long et al. (2019) 

demonstrated that deep learning-based feature engineering can significantly 

improve the prediction of stock price movements by capturing complex 

nonlinear patterns. Nobre and Neves (2019) combined wavelet transforms 
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with XGBoost and reported enhanced trading performance in financial 

markets. Similarly, Nabipour et al. (2020) and Chong et al. (2017) found 

that ensemble and deep learning models often outperform traditional 

statistical approaches in modelling financial time series. 

Several studies have emphasized the importance of technical 

indicators as input features. Oriani and Coelho (2016) showed that the use 

of indicators such as moving averages improves forecasting accuracy, while 

Yun et al. (2021) confirmed that integrating RSI and MACD within hybrid 

models leads to better predictive performance. Kara et al. (2011) and Patel 

et al. (2015) also reported that combining multiple indicators with machine 

learning techniques yields superior results compared to single-model 

approaches. 

Despite these contributions, existing studies suffer from a number of 

limitations. First, many works focus on market indices or diversified 

portfolios rather than highly volatile individual stocks, which limits their 

applicability to assets such as Tesla. Second, several studies concentrate 

mainly on improving prediction accuracy without providing sufficient 

analysis of feature importance, reducing the interpretability and practical 

value of the results. Third, most prior research relies on historical periods 

that do not fully reflect recent market conditions characterized by 

heightened volatility and rapid structural changes. Furthermore, differences 

in datasets, evaluation metrics, and experimental settings make it difficult to 

directly compare results across studies. 

In light of these gaps, the present study seeks to contribute to the 

literature by focusing on a highly volatile stock, Tesla Inc., using recent 

data and by assessing not only the predictive accuracy of the XGBoost 

model but also the role of technical indicators in enhancing model 

performance. 
 

2. RESEARCH METHODS  

2.1 XGBoost and Gradient Boosting Algorithm 

In performing stock price prediction as a case study of this research, 

the XGBoost library is used which is an implementation of the Gradient 

Boosting algorithm designed for computational speed and model 
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performance (Chen & Guestrin, 2016). The Gradient Boosting algorithm 

combines weak learners into a single strong learner iteratively which can be 

explained as follows (Friedman, 2001): 

a. Input: training set *(𝑥𝑖 , 𝑦𝑖)+𝑖=1
𝑛 , differential loss function 𝐿(𝑦, 𝐹(𝑥)), 

number of iterations 𝑀. 

b.  Process: 

1. Initialize the model with a fixed value: 

𝐹 (𝑥)        ∑𝐿(𝑦𝑖 ,  )

𝑛

𝑖=1

 

2. For     to 𝑀 : 

a.  Calculate the pseudo-residual: 

 𝑖   [
 𝐿(𝑦𝑖 , 𝐹(𝑥𝑖))

 𝐹(𝑥𝑖)
] 

b. Adjust base learner (or weak learner, e.g. tree) closed under scaling 
  ( )  to the pseudoresidual, i.e. train it using the training set 
*(𝑥𝑖,  𝑖 )+𝑖=𝑖

𝑛 . 

c.  Calculate the multiplier    by solving the following one-
dimensional optimization problem: 

         ∑𝐿(𝑦𝑖 , 𝐹  1(𝑥𝑖)    (𝑥𝑖))

𝑛

𝑖=1

 

d.  Update the model 

𝐹 (𝑥)  𝐹  1(𝑥)      (𝑥) 

c. Output: 𝐹 (𝑥). 

2.2 Technical Indicators 

Technical indicators are mathematical calculations based on historical 

prices, volume, or other information that aims to forecast the direction of 

prices in financial markets where those used in this study are (Taran-

Morosan, 2009): 
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a. Simple Moving Average (SMA) 

𝑆𝑀𝐴𝑘  
𝑃𝑛 𝑘+1  𝑃𝑛 𝑘+2  ⋯ 𝑃𝑛

𝑘

𝑆𝑀𝐴𝑘  
 

𝑘
∑ 𝑃𝑖

𝑛

𝑖=𝑛 𝑘+1

 

     Where 𝑃𝑖 : the stock price at time, 𝑘 : the number of periods over 

which the average is calculated (i.e., the window size) and 𝑛 the index of 

the most recent time period.  

b. Exponential Moving Average (EMA) 

𝐸𝑀𝐴𝑘  𝛼𝑥𝑘  (  𝛼)𝑆𝑘 1
𝐸𝑀𝐴𝑘  𝑆𝑘 1  𝛼(𝑥𝑘  𝑆𝑘 1)

 

With 𝛼  as the smoothing factor and 0 ≤ 𝛼 ≤  , 𝑆𝑘  is the simple 

weighted average of the current observation 𝑥k and prior statistics 

𝑆k 1. 

c. Moving Average Convergence/Divergence (MACD) 

𝑀𝐴𝐶𝐷  𝐸𝑀𝐴12  𝐸𝑀𝐴26 

d. Relative Strength Index (RSI) 

𝑅𝑆  
𝐸𝑀𝐴(𝑈, 𝑛)

𝐸𝑀𝐴(𝐷, 𝑛)

𝑅𝑆𝐼   00  
 00

  𝑅𝑆

 

Where  :  𝑈 as the incremental period, 𝐷 as the decline period, 𝑅𝑆 as 

an average ratio called relative strength factor and RSI as a 

conversion of RS into an index between 0 and 100. 

2.3 Hyperparameters in XGBoost 

The following hyperparameters should be considered for tuning the 

Gradient Boosting ensemble and their effect on model performance (Chen 

& Guestrin, 2016):  

a. gamma is the minimum loss reduction required to create further 

partitions at the leaf nodes of the tree. The larger the gamma, the 

more conservative the algorithm.  

b. learning_rate is the step size shrinkage used in the update to prevent 

overfitting. After each boosting step, the new feature weights can 
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be obtained immediately, and learning_rate shrinks the feature 

weights to make the boosting process more conservative.   

c. max_depth is the maximum depth of the tree. Increasing this value 

will make the model more complex and more likely to overfit. 0 

indicates no depth limit. Be careful as XGBoost aggressively 

consumes memory when training deep trees. 

d. n_estimators is the number of decision trees. Remember that 

decision trees are added to the model sequentially in an attempt to 

correct and improve the predictions made by previous trees. Thus, 

more trees are often better. 

2.4 Research Stages 

Fig.1. Research Stages 

 
Source: Prepared by the researcher. 

 

The XGBoost model to predict Tesla’s stock price is carried out in 5 

stages as follows: 

a.  Data collection, namely collecting Tesla’s stock price data from 

0202 to 0205 downloaded from the site finance.yahoo.com and 

visualize it using matplotlib and plotly libraries. 

b.  Data preprocessing is converting data into a format that is easier and 

more effective for further processing using the pandas library. 

c. Feature engineering, namely creating relevant features, namely 

technical indicators used in the data set using the pandas library and 

visualizing them using the matplotlib and plotly libraries. 

d. Model selection, namely entering data into the XGBoost model by 

splitting the data into training data (train) and test data (test) while 

also entering hyper parameters to determine the best results using the 
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XGBRegressor function in the XGBoost library. 

e. Prediction is predicting data using the predict function in the 

XGBoost library and visualizing it using the matplotlib and plotly 

libraries. 

f.  Evaluation, namely determining the technical indicator features that 

play the most important role in modeling (feature importance) and 

measuring how accurate the prediction results made by the model 

(performance evaluation) using Mean Absolute Percentage Error 

(MAPE) with the equation: 

MAPE  
 

𝑛
∑|

𝐴𝑡𝐹𝑡
𝐴𝑡
|

𝑛

𝑡=1

 

where 𝐴𝑡 is the actual value at time 𝑡 while 𝐹𝑡 is the forecast value at 

time 𝑡. The actual value is subtracted from the predicted value and 

then divided by the actual value and made into absolute values. The 

results are then visualized using the matplotlib and plotly libraries. 

3. RESULTS AND DISCUSSION 

Figure 2 shows the evolution of Tesla's closing prices during the 

period 03/01/2023 - 09/06/2025. 

Fig.2. Tesla’s Stock Closing Price Chart for the period 0202 to 2025 

 
Source: Prepared by the researcher based on Python outputs. 

Figure 3 illustrates the daily closing prices of a set of stocks and the 

decomposition of the daily closing stocks by taking the decomposition 

function, resulting in the trend, seasonality and residual plots of the stock 

prices. It can be seen that the trend of this group of stock prices first rises 

and then tends to fall, which is consistent with the time series rule, and the 
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stock prices have obvious seasonality and the residuals tend to be smooth. 

Therefore, this set of stock data is suitable for price prediction model 

training. 

Fig.3. Decomposition Chart (Observed, Trend, Seasonal, Residual) Tesla’s Stock 

Price for the Period 0202 to 0205   

 
Source: Prepared by the researcher based on Python outputs. 

Before performing model prediction, it is necessary to perform feature 

engineering using technical indicators as shown in table 1 (Zhang, 2022). 

Table 1. Technical Indicators for Feature Engineering 

Technical 

Indicator 
Description 

EMA_9 9-day data weighted moving average stock price 

SMA_5 5-day data of short-term average stock price movement 

SMA_15 15-day data of short-term average stock price movement 

SMA_30 30-day data of short-term average stock price movement 

RSI SMA(MAX(Close-LastClose,0),N,1)/SMA(ABS(Close-LastClose),N,1)*100 

MACD EMA12-EMA26 

Source: Prepared by the researcher. 
The following is a visualization of engineering features using EMA 

(Exponential Moving Average) and SMA (Simple Moving Average) 
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technical indicators on Tesla’s stock prices for the period 0202 to 0205 as 

shown in Figure 4. 

Fig.4. Chart of Technical Indicators (EMA and SMA) Tesla’s Stock Price for the 

period 0202 to 0205  

 
Source: Prepared by the researcher based on Python outputs. 

The following is a visualization of engineering features using the RSI 

(Relative Strength Index) technical indicator on the stock price of Tesla for 

the period 0202 to 0205 as shown in Figure 5.  

Fig.5. RSI Technical Indicator Chart of Tesla’s Stock Price for the period 0202 to 

0205  

 
Source: Prepared by the researcher based on Python outputs. 

The following is a visualization of feature engineering using the 

MACD (Moving Average Convergence Divergence) technical indicator on 

the stock price of Tesla’s for the period 0202 to 0205 as shown in Figure 6.  
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Fig.6. MACD Technical Indicator Chart of Tesla’s Stock Price for the period 

0202 to 0205 

 
Source: Prepared by the researcher based on Python outputs. 

In this study, stock price data from the period January 3, 2023 to 

December 10, 2024 (80% of total data set) was utilized as the training set to 

develop and calibrate the prediction model. Subsequently, the data from 

December 11, 2024 to June 9, 2025 was reserved as the testing set to 

evaluate the generalization performance of the final XGBoost model after 

completing the training phase. This division ensures a clear temporal 

separation between model development and evaluation, thereby reducing 

the risk of information leakage. The predictive performance on the test data 

is illustrated in Figure 7. 

Fig.7. Data Split Graph (Train, Test) Tesla’s Stock Price for the period 0202 to 

0205 

 

 Source: Prepared by the researcher based on Python outputs. 

When using the XGBoost algorithm, it is necessary to search for hyper 

parameters according to the characteristics of the stock price. The task of 

hyper parameter tuning is left to GridSearchCV which will try every 
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possible parameter among all candidates, and the best performing parameter 

is the final result as shown in table 3. The main disadvantage of using 

GridSearchCV is that it is more time consuming, but it guarantees the 

accuracy and validity of the results (Zhang, 2022).  
Table 2. Hyper Parameter Search Settings  

Hyper Parameters Value 

n_estimators  [100, 200, 300, 400]  

learning_rate  [0.001, 0.005, 0.01, 0.05]  

max_depth  [2,4,6,8,10, 12, 14]  

gamma  [0.001, 0.005, 0.01, 0.02]  

random_state  [42]  

Source: Prepared by the researcher. 
Table 3. Best Hyper Parameter Search Results  

Hyper Parameters  Value  

n_estimators  400  

learning_rate  0.05  

max_depth  2  

gamma  0.001  

random_state  42  

Source: Prepared by the researcher based on Python outputs. 

Figure 8 displays the results of the feature importance analysis 

conducted to assess the relative contribution of technical indicators in 

predicting Tesla’s stock prices for the year 2025. Among the selected 

features, the Relative Strength Index (RSI) emerged as the most influential 

indicator, recording the highest importance score compared to other 

indicators such as EMA, SMA and MACD. This finding highlights the 

predictive power of momentum-based indicators in capturing price 

dynamics, particularly in the context of highly volatile assets like Tesla. 
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Fig.8. Feature Importance Graph of Tesla’s Stock Price Prediction in 0205  

 
Source: Prepared by the researcher based on Python outputs. 

The predictive performance of the XGBoost model for the test period 

is presented in Figure 9. The model was trained using optimal 

hyperparameters gamma = 0.001, learning_rate = 0.05, max_depth = 2, and 

n_estimators = 400 identified through a comprehensive tuning process. 

 

Fig.9. Tesla’s Stock Price Prediction Chart for the 0205 period  

 
Source: Prepared by the researcher based on Python outputs. 

The model produced a Mean Absolute Error (MAE) of 23.90, a Mean 

Squared Error (MSE) of 1111.17, a Root Mean Squared Error (RMSE) of 

33.33, a Mean Absolute Scaled Error (MASE) of 2.16, and a Mean 
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Absolute Percentage Error (MAPE) of 7.6%. These metrics indicate a 

relatively high level of predictive accuracy, especially considering Tesla's 

well-known volatility. 

The low MAPE suggests that the model is capable of capturing the 

underlying trends in the stock price with a reasonable degree of reliability. 

Furthermore, the results highlight the robustness of the XGBoost algorithm 

in modeling financial time series characterized by nonlinear patterns and 

noisy fluctuations. 

Visual inspection of the predicted versus actual prices reveals that the 

model tracks short-term fluctuations and overall trend movements 

reasonably well, though it occasionally lags during periods of extreme 

volatility. This is consistent with the behavior of tree-based models, which 

are more sensitive to recent historical patterns than to abrupt structural 

changes. 

The findings of this study are consistent with a growing body of 

literature emphasizing the effectiveness of machine learning and ensemble 

methods in stock price forecasting. For instance, Nobre and Neves (2019) 

reported that combining XGBoost with advanced feature extraction 

techniques leads to superior trading and forecasting performance in 

financial markets. Similarly, Nabipour et al. (2020) and Chong et al. (2017) 

found that ensemble and deep learning models often outperform traditional 

statistical approaches when dealing with nonlinear and noisy financial time 

series. 

The importance of technical indicators observed in this study also 

aligns with the results of Oriani and Coelho (2016), who demonstrated that 

moving averages significantly improve forecasting accuracy, and with Yun 

et al. (2021), who showed that integrating RSI and MACD enhances 

predictive performance in hybrid models. The dominance of RSI in the 

feature importance ranking supports these conclusions and confirms the role 

of momentum indicators in capturing short-term market behavior. 

Compared to studies such as Zhang (2022), which applied XGBoost to 

stock prediction and reported competitive error rates, the MAPE of 7.6% 

obtained in this research falls within a comparable range, despite focusing 
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on a particularly volatile stock and a more recent period characterized by 

heightened market uncertainty. This suggests that XGBoost remains robust 

across different market conditions and datasets. 

However, unlike many previous works that focus on market indices or 

diversified portfolios, this study concentrates on a single highly volatile 

stock, thereby extending prior research by demonstrating that XGBoost can 

maintain reliable performance even under extreme price fluctuations. In 

addition, the explicit analysis of feature importance addresses a common 

limitation in earlier studies, which often prioritize accuracy over 

interpretability. 

Overall, the results corroborate earlier evidence that gradient boosting 

techniques are well suited for financial time series forecasting, while also 

contributing new insights by validating their applicability to recent, highly 

volatile market data and by highlighting the critical role of technical 

indicators in enhancing model performance. 

4. CONCLUSION  

This paper demonstrates the applicability and effectiveness of the 

XGBoost algorithm in predicting the daily stock prices of a highly volatile 

asset, namely Tesla Inc. The model's relatively low forecasting error metrics 

validate the strength of gradient boosting methods in dealing with complex, 

non-linear time series in financial markets. 

By combining historical stock data with machine learning techniques 

and technical indicators, the study provides empirical evidence that 

supports the integration of AI tools into financial forecasting frameworks. 

The findings are particularly relevant for retail traders, portfolio managers, 

and data scientists seeking to enhance decision-making under market 

uncertainty. 

Future research may expand this work by integrating sentiment 

analysis, macroeconomic variables, or by comparing the performance of 

XGBoost with other deep learning models such as LSTM or GRU. 

Additionally, further evaluation across different market conditions or 

industry sectors could help generalize the effectiveness of the approach. 
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