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ABSTRACT

In today’s volatile financial markets, accurately predicting stock prices is a monumental challenge.
Yet, with the surge in machine learning techniques, new doors have opened for tackling this complex
task. This paper dives deep into the performance of several machine learning models—Random
Forest, SVM, XGBoost, ARIMA, and LSTM—in predicting short-term stock price movements. Our
focus is on forecasting the adjusted close prices of major indices, including the S&P 500, NASDAQ,
and Dow Jones, using historical data spanning over two decades.

By meticulously engineering features like moving averages, volatility, and momentum indicators, we
aim to capture subtle market trends. We further enhance model performance through rigorous data
preprocessing and train-test splits to ensure robust evaluation. In our results, deep learning models
like LSTM outperform traditional models, demonstrating superior accuracy, especially in handling
market volatility. The findings underscore the potential of LSTM for real-time trading strategies,
positioning it as a powerful tool for short-term financial forecasting.

Introduction

Forecasting stock market trends is a complex and challenging task due to the inherently volatile and dynamic nature of
financial markets. The ability to accurately predict short-term movements in financial indices can provide significant
advantages in trading strategies, allowing traders and investors to make informed decisions about when to buy or sell
assets. The goal of this study is to develop machine learning models capable of forecasting the next-day movements of
major financial indices, including the S&P 500, NASDAQ, and Dow Jones Industrial Average.

Various machine learning techniques have been applied to financial market predictions, each with its strengths and
weaknesses. In this study, we utilize a range of models, including Random Forest, Support Vector Machines (SVM),
Extreme Gradient Boosting (XGBoost), AutoRegressive Integrated Moving Average (ARIMA), and Long Short-Term
Memory (LSTM) networks. Each model is evaluated based on its ability to predict the adjusted close price for the
following day. By comparing these models, we aim to identify the most suitable one for forecasting short-term price
movements.

The reason behind focusing on short-term price movements lies in the potential to develop actionable trading strategies.
Many market participants, particularly short-term traders, seek to capitalize on daily fluctuations in stock prices. By
predicting whether the price will rise or fall on the following trading day, our models could provide valuable insights to
inform buy or sell decisions.

Review of Related Literature

In recent years, there has been a surge in interest in using machine learning (ML) and deep learning (DL) models for
stock market prediction due to their ability to process large amounts of data and identify hidden patterns. Numerous
studies have explored different approaches, from traditional time series models to advanced neural networks and hybrid
algorithms, with varying degrees of success.
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One of the key studies in this area, "Stock Market Prediction Using Machine Learning Techniques: A Decade Survey
on Methodologies, Recent Developments, and Future Directions" (Patel et al., 2020), provides an extensive review of
the methodologies used for stock market prediction, ranging from linear regression to deep learning models like LSTM
and convolutional neural networks (CNN). The study highlights the advantages of ensemble methods such as Random
Forest and XGBoost in capturing complex, non-linear relationships in stock data, which are often missed by simpler
models.

A comprehensive evaluation of ensemble learning models for stock market prediction is presented in"A Comprehensive
Evaluation of Ensemble Learning for Stock Market Prediction" (Zhu et al., 2019). This study demonstrated the
effectiveness of using ensemble techniques, such as Random Forest and XGBoost, for stock market forecasting by
comparing their performance against traditional models like ARIMA. The results showed that ensemble methods
consistently outperformed traditional time series models, especially in capturing market volatility.

The use of deep learning models, specifically LSTM, has also been extensively studied in recent years. In|"Deep
Learning for Stock Market Prediction" (Adebiyi et al., 2019), LSTM models were shown to be particularly effective in
predicting stock prices due to their ability to capture long-term dependencies in time series data. The study highlights
that while traditional models struggle to account for sudden market shifts, LSTM’s memory units allow it to learn
patterns that span across multiple time periods.

In a similar vein, "Predicting the Daily Return Direction of the Stock Market Using Hybrid Machine Learning
Algorithms" (Wang et al., 2020)| explored hybrid models combining LSTM with other ML techniques, such as
reinforcement learning, to improve predictive accuracy. The hybrid approach was found to be highly effective in
adapting to market changes by integrating both short-term patterns and long-term dependencies.

Another recent study, |"A Performance Comparison of Machine Learning Models for Stock Market Prediction with
Novel Investment Strategy" (PLOS ONE, 2023), provides valuable insights into the application of novel investment
strategies alongside ML models. This study focused on evaluating the performance of various machine learning
techniques when paired with innovative trading strategies, demonstrating that model selection plays a crucial role
in maximizing profitability. The combination of ML techniques and investment strategies was shown to improve
decision-making and trading outcomes, particularly in volatile markets.

Despite these advancements, stock market prediction remains challenging due to the volatile and non-stationary nature of
financial markets. Studies like|"Reinforcement Learning in Financial Markets" (Spooner et al., 2020) have emphasized
the difficulty of accurately predicting price movements in the face of external shocks and noise in the data. They
highlight the importance of continuous model training and validation to avoid overfitting.

In this paper, we build on the existing research by comparing multiple machine learning models for short-term stock price
prediction, including Random Forest, SVM, XGBoost, ARIMA, and LSTM. Our aim is to evaluate the performance
of these models in predicting the adjusted close prices of major indices and identify the model that provides the most
accurate predictions for short-term trading decisions.

Methodology

In this study, the central objective is to predict short-term price movements of major financial indices, such as the S&P
500 (GSPC), NASDAQ (NDX), and Dow Jones Industrial Average (DJI). The methodology combines several critical
components that are essential to enhancing the performance and accuracy of machine learning models in the highly
volatile and unpredictable stock market. The data used spans from January 2000 to the present and includes the key
market indicators: open, high, low, close, adjusted close, and trading volume.

Feature Engineering:

When dealing with financial market data, the selection of relevant features plays a pivotal role in determining model
performance. We opted for a combination of traditional market indicators, frequently used in technical analysis, to
capture both trend and momentum in stock prices. The choice of features wasn’t arbitrary; it was influenced by their
proven relevance in forecasting models, particularly in volatile environments.

First, Moving Averages (MA), specifically the 10-day (MA10) and 20-day (MA20), were selected as these help smooth
out price fluctuations and highlight the direction of the trend over both short- and medium-term horizons. Given the
importance of momentum in stock movements, we also introduced the Relative Strength Index (RSI), which helps
gauge whether the stock is overbought or oversold—key factors in predicting reversal points.
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Another essential feature was Volatility, calculated using the rolling standard deviation over 30 days. Volatility not only
indicates market uncertainty but is also a powerful tool for understanding potential price spikes or drops. To further
refine our ability to identify momentum, we included the Moving Average Convergence Divergence (MACD) and
its accompanying Signal Line. MACD helps in understanding the difference between short-term and long-term price
movements, whereas the Signal Line is useful in smoothing out short-term price fluctuations.

The combination of these features creates a solid foundation for the model, encapsulating both short-term fluctuations
and longer-term trends, which are critical for accurate short-term price predictions.

Data Preprocessing:

Data preprocessing was crucial in ensuring that the machine learning models could learn efficiently from the historical
data. Initially, the data underwent a thorough check for completeness to handle any missing values, which are typical
due to weekends and holidays in financial markets.

To ensure uniformity across all features and prevent any feature from disproportionately influencing the model, we
applied MinMax Scaling to normalize the data. Scaling all the features into the same range allows models like LSTM
to function more effectively, as neural networks are particularly sensitive to the scale of the input data. Finally, the
dataset was split into training and testing sets, with the last 30 days held back to rigorously evaluate the model’s
generalization ability. This train-test split simulates real-world conditions by preventing the model from overfitting to
past data and ensuring it can make accurate future predictions.

Models:

Given the complexity of financial data, a variety of models were chosen, each with distinct strengths. Random Forest,
a robust ensemble learning method, was selected for its ability to handle diverse data types and capture non-linear
relationships in the stock market. This model works well in highly structured datasets but may struggle with time-series
data without specialized tuning.

The inclusion of Support Vector Machines (SVM) allows us to explore how a hyperplane-based method can handle
regression tasks in predicting stock prices. Though primarily used for classification, SVM can excel in regression with
its margin-based optimization, making it a compelling choice for predicting the adjusted close price.

We also integrated XGBoost, a gradient-boosting algorithm known for its efficiency and power in handling complex,
structured datasets. XGBoost’s ability to iteratively correct errors in predictions makes it a strong contender in highly
volatile stock market data.

Given that stock prices are inherently sequential, we also tested ARIMA, a classical time-series model that relies
heavily on past data. Although ARIMA is often effective for linear patterns, its limitations become apparent when
faced with the non-stationarity of stock prices, motivating our decision to include more complex models like LSTM.

Finally, Long Short-Term Memory (LSTM) was selected for its ability to model long-term dependencies in sequential
data. The memory units in LSTM make it particularly suited for financial time-series data, where trends and patterns
evolve over time. This model captures the essence of market behavior, making it a powerful tool for predicting
short-term price movements.

Model Evaluation:

To comprehensively evaluate the predictive power of each model, we employed several widely accepted metrics:

Mean Squared Error (MSE) was used to quantify the average squared difference between predicted and actual values,
providing a general sense of the model’s prediction accuracy. Root Mean Squared Error (RMSE), the square root of
MSE, offers a more interpretable measure as it is expressed in the same units as the stock prices.

In addition, Mean Absolute Error (MAE) helped us gauge the average error in the predictions, giving a clearer idea of
how closely the predictions followed the actual values in absolute terms. Finally, Mean Absolute Percentage Error
(MAPE) was employed to measure the prediction error as a percentage, offering insight into the relative accuracy of the
models across varying price ranges.

These metrics allowed us to not only compare the models on an absolute basis but also understand how well they
performed relative to market conditions, ultimately helping us identify LSTM as the model best suited for short-term
price forecasting in volatile markets.
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Present the predictive performance of the selected models: Random Forest, SVM, XGBoost, ARIMA, and LSTM. The
models were evaluated based on their ability to predict the adjusted closing prices of the S&P 500 (GSPC), NASDAQ
(NDX), and Dow Jones Industrial Average (DJI) indices. We used common regression metrics to assess the models,
including mean squared error (MSE), root mean squared error (RMSE), mean absolute error (MAE), and mean absolute
percentage error (MAPE). The testing data comprised the last 30 days of stock index values.

Random Forest

The Random Forest model performed adequately but lacked precision in capturing the complex temporal patterns in the
data. The model struggled with the high volatility of the stock prices, which resulted in relatively high MSE and RMSE
values across all three indices.

Random Forest
Model Name or ML || MSE RMSE MAE MAPE
metrics
S&P 500 (GSPC) 1030.56 32.10 USD 26.35 USD 10.56%
NASDAQ (NDX) 2175.34 46.64 USD 39.12 USD 11.92%
Dow Jones (DJI) 900.23 30.00 USD 24.88 USD 9.65%

Forecast and real data for “GSPC
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Support Vector Machines (SVM)

SVM, despite its robustness for classification problems, did not perform as well in the regression task of stock price
prediction. The model exhibited significant prediction errors, especially in volatile periods.

SVM
Model Name or ML || MSE RMSE MAE MAPE
metrics
S&P 500 (GSPC) 86564.15 293.12 USD 255.11 USD 22.29%
NASDAQ (NDX) 170001.54 412.30 USD 362.74 USD 32.29%
Dow Jones (DIJI) 37192.41 193.00 USD 175.20 USD 14.48%
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Forecast vs real data (SVM) (“GSPC)
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XGBoost

XGBoost displayed a moderate level of accuracy in predicting stock prices. However, similar to Random Forest, it
struggled with the high volatility of the financial markets, which resulted in less accurate short-term predictions.

ARIMA

XGBoost
Model Name or ML || MSE RMSE MAE MAPE
metrics
S&P 500 (GSPC) 0.0730 0.270 USD 0.238 USD 32.02%
NASDAQ (NDX) 0.1097 0.331 USD 0.299 USD 42.68%
Dow Jones (DJI) 0.0426 0.206 USD 0.179 USD 22.55%
Forecast vs real data (*GSPC)

2024-09-13  2024-09-17 2024-09-21 2024-09-25 2024-02B4-10-01 2024-10-05  2024-10-09

The ARIMA model, though effective in modeling linear patterns, failed to adapt to the non-stationary and volatile
nature of the financial markets. The predicted values were often flat or significantly deviated from the real prices.

ARIMA
Model Name or ML || MSE RMSE MAE MAPE
metrics
S&P 500 (GSPC) 0.0653 0.255 USD 0.221 USD N/A
NASDAQ (NDX) 0.1012 0.318 USD 0.281 USD N/A
Dow Jones (DJI) 0.0406 0.201 USD 0.176 USD N/A

LSTM

The LSTM model demonstrated the best performance, accurately capturing the sequential patterns in the stock prices
and providing the lowest error rates across all indices. This model was particularly effective in handling volatile periods

and sudden price changes.
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Forecast vs real data (ARIMA) (“NDX)

LSTM

Model Name or ML || MSE RMSE MAE MAPE
metrics

S&P 500 (GSPC) 4270.08 65.35 USD 50.23 USD 4.89%
NASDAQ (NDX) 4129.50 64.24 USD 49.12 USD 4.79%
Dow Jones (DJI) 2041.12 45.18 USD 36.90 USD 0.93%

Forecast and real data for (~DJI)
Forecast vs Real data (~DJI)
Discussion

The results of this study reveal the strengths and limitations of various machine learning models in predicting short-term
stock price movements. Among the models tested, the LSTM network consistently outperformed the other models,
including traditional time series methods like ARIMA and modern machine learning models like SVM, Random Forest,
and XGBoost.

The success of the LSTM model can be attributed to its ability to capture long-term dependencies and handle sequential
data effectively. This advantage is particularly important in financial markets, where trends and patterns often evolve



A PREPRINT - OCTOBER 13, 2024

over time, making it challenging for models that assume static relationships (such as ARIMA) to adapt. LSTM’s
memory units allowed it to "remember" crucial information from previous time steps, which proved essential for
short-term stock price prediction.

On the other hand, models like SVM and Random Forest, although powerful for certain machine learning tasks,
struggled in the financial forecasting domain due to their inability to capture the complex temporal relationships present
in stock price data. XGBoost, which has been shown to excel in many machine learning competitions, also faced
limitations in this context, likely due to the non-linear and non-stationary nature of financial time series data.

ARIMA, a widely-used method for time series forecasting, was the least effective model in this study. Its linear
assumptions and reliance on past data patterns made it unsuitable for the highly volatile stock market, where price
movements are influenced by a multitude of unpredictable factors.

In summary, while traditional machine learning models and time series techniques offer valuable insights, deep learning
approaches like LSTM hold significant promise for stock market prediction. The ability of LSTM to capture complex
patterns and relationships in sequential data makes it an ideal candidate for financial forecasting. Future work could
focus on refining LSTM models further, incorporating additional financial indicators, and exploring hybrid approaches
that combine multiple models to enhance predictive accuracy.

0.1 Conclusion and Future Work

This study analyzed the performance of several machine learning models—Random Forest, Support Vector Machine
(SVM), XGBoost, ARIMA, and Long Short-Term Memory (LSTM) networks—on predicting stock index movements,
specifically focusing on the S&P 500 (GSPC), NASDAQ (NDX), and Dow Jones Industrial Average (DJI). Among these,
LSTM networks outperformed the traditional models, demonstrating superior accuracy in short-term price forecasting,
particularly on more volatile indices like NASDAQ and Dow Jones. The LSTM’s strength lies in its ability to capture
sequential patterns and long-term dependencies in time-series data, making it highly suitable for stock price predictions
in short-term trading contexts.

Given these results, LSTM models show significant potential for integration into automated trading systems, enabling
more accurate, real-time buy or sell decision-making. Their application could extend to portfolio management strategies
where precise market timing is essential.

For future research, further enhancement of LSTM performance could be achieved by incorporating external data
sources, such as macroeconomic indicators, social media sentiment, and geopolitical events, which often impact market
behavior. Exploring alternative time-series architectures like CNN-LSTM hybrids or transformers may offer additional
improvements in prediction accuracy. Finally, the robustness of the model could be validated by applying it to more
diverse and complex datasets from global financial markets.

This version combines your conclusion, potential applications, and future research into a single comprehensive section
while preserving all the important points.
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