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ABSTRACT

Predicting stock market trends has always been a
complex challenge, owing to the market's volatility
and the numerous influencing factors such as
economic indicators, geopolitical events, and
company performance. This study explores the
effectiveness of time series analysis and machine
learning techniques in forecasting stock market
trends, aiming to evaluate and compare the
predictive power of traditional methods (like
ARIMA) with more advanced algorithms (like
Support Vector Machines and Random Forests). By
examining the predictive accuracy, computational
efficiency, and adaptability of these models across
various market conditions, this research provides
insights into their relative strengths and
weaknesses. The findings suggest that while
traditional time series models perform well in
stable markets, machine learning models excel in
capturing non-linear patterns and adapting to
market volatility. Additionally, the study highlights
the potential for hybrid models that combine both
approaches for improved forecasting. This research
offers valuable recommendations for investors and
financial analysts seeking more accurate and robust
methods for predicting stock market trends.
Keywords: Stock market prediction, time series
analysis, machine learning, ARIMA, support vector
machines, random forests, financial forecasting,
market volatility, hybrid models, predictive
accuracy.

l. INTRODUCTION
1.1 Background of the Study
The stock market plays a crucial role in
the global economy by providing a platform for

trading securities, including stocks, bonds, and
derivatives. Investors, traders, and institutions rely
heavily on accurate trend predictions to make
informed decisions, optimize their portfolios, and
manage financial risk. Stock market trends,
however, are inherently volatile and influenced by
numerous factors, including economic indicators,
market sentiment, geopolitical events, and
company performance. Predicting these trends with
a high degree of accuracy is a significant challenge.

In recent years, advancements in
computational techniques, such as time series
analysis and machine learning (ML), have
offered new opportunities for forecasting stock
market behavior. Time series analysis, a statistical
technique used to analyze historical data points
over time, has been widely applied to predict future
stock prices and market trends (Box et al., 2015).
On the other hand, machine learning, a subset of
artificial intelligence, enables algorithms to learn
patterns from large datasets and improve
predictions without explicit programming (Hastie
et al., 2009). Both methods are now frequently used
in financial forecasting, but the comparative
performance of these techniques remains an open
question.

1.2 Statement of the Problem

The ability to predict stock market trends
accurately has profound implications for investors.
Misjudging the direction of the market can lead to
significant financial losses. Traditional time series
methods such as AutoRegressive Integrated
Moving Average (ARIMA) models have been
widely used for stock price forecasting but often
fail to capture complex non-linear patterns and
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relationships inherent in financial data (Tsay,
2010). Machine learning algorithms, such as
support vector machines (SVM), random
forests, and deep learning models, have shown
promise in handling these non-linearities by
learning from vast amounts of historical data (He et
al., 2020). However, the comparative predictive
power of these two approaches—time series
models versus machine learning techniques—has
yet to be systematically evaluated.

This research aims to investigate the
effectiveness of time series analysis and machine
learning techniques in predicting stock market
trends, with a focus on their relative predictive
accuracy, computational efficiency, and robustness
across different market conditions.

1.3 Research Objectives

The primary objectives of this research are:

1. To -evaluate the predictive power of
traditional time series models (such as
ARIMA) and machine learning techniques
(such as random forests and deep learning) in
forecasting stock market trends.

2. To compare the performance of time series
models and machine learning algorithms in
terms of prediction accuracy, computational
time, and adaptability to changing market
conditions.

3. To analyze the potential advantages and
limitations of using machine learning
techniques over time series models for stock
market forecasting.

4. To provide recommendations for investors
and financial analysts on the most effective
forecasting methods for different market
environments.

1.4 Research Questions

The study seeks to address the following research
questions:

1. What is the relative predictive accuracy of time
series models (e.g., ARIMA) versus machine
learning techniques (e.g., random forests and
deep learning) in forecasting stock market
trends?

2. How do time series models and machine
learning algorithms compare in terms of
computational efficiency when applied to large
stock market datasets?

3. Do machine learning techniques outperform
traditional time series models in terms of
adaptability to market volatility and non-linear
trends?

4. Which method—time series analysis or

machine learning—is better suited for real-
time stock market prediction?

1.5 Definition of Key Terms

Stock Market: A platform where stocks,
bonds, and other securities are bought and
sold, typically involving transactions between
investors and institutions (Chen, 2009).

Time Series Analysis: A statistical technique
used to analyze and model data points
collected or recorded at successive time
intervals. Common models include ARIMA
and exponential smoothing, which are used to
forecast future values based on past trends
(Box et al., 2015).

Machine Learning (ML): A subset of
artificial intelligence that involves training
algorithms to identify patterns in data and
make predictions or decisions based on these
patterns, without being explicitly programmed
(Hastie et al., 2009).

Financial Forecasting: The process of
predicting future financial trends, including
stock prices, interest rates, or other economic
indicators, typically using historical data and
statistical models (Tsay, 2010).
AutoRegressive Integrated Moving Average
(ARIMA): A widely used time series
forecasting model that combines
autoregressive (AR), moving average (MA),
and differencing techniques to predict future
values based on past observations (Box et al.,
2015).

Support Vector Machines (SVM): A
supervised machine learning algorithm that can
classify and regress data by finding the
hyperplane that best separates different classes
or predicts continuous values (Cortes &
Vapnik, 1995).

Random Forests: An ensemble machine
learning algorithm that uses multiple decision
trees to predict outcomes by averaging the
results of individual trees, improving
prediction accuracy (Breiman, 2001).

Deep Learning: A subset of machine learning
that involves neural networks with many
layers, enabling algorithms to learn complex
patterns in large datasets, particularly useful
for time series prediction and natural language
processing (LeCun et al., 2015).
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1.6 Justification of the Study

The stock market is a critical component
of the global economy, and accurate predictions of
market trends can provide investors with a
significant advantage in terms of maximizing
profits and minimizing risks. While traditional time
series models have been widely used for
forecasting stock prices, recent advancements in
machine  learning have introduced more
sophisticated methods that may offer greater
predictive power.

This study is justified by the increasing
interest in applying machine learning techniques to
financial forecasting and the need to evaluate their
effectiveness compared to established statistical
models. By comparing time series methods with
machine learning algorithms, this research aims to
provide actionable insights for investors and
financial analysts seeking to improve forecasting
accuracy and adapt to volatile market conditions.

1.7 Scope and Delimitations

The scope of this study is limited to the
application of time series analysis and machine
learning techniques for predicting stock market
trends. The study will focus on major stock indices,
such as the S&P 500 and Dow Jones Industrial
Average (DJIA), and may also consider specific
individual stocks within these indices. Data used
for analysis will be historical stock prices, which
will be obtained from publicly available financial
datasets.

The delimitations of the study include the

following:

e The study will not consider other factors
affecting stock market trends, such as
macroeconomic  variables or geopolitical
events, though they may have an indirect
influence on the performance of the models.

e The models and algorithms applied will be
limited to those selected for comparison,
primarily ARIMA for time series analysis and
random forests and deep learning for machine
learning techniques.

1.8 Structure of the Thesis

This thesis is structured as follows:

e Chapter 1: Introduction — This chapter
provides an overview of the study, including
background, research objectives, research
questions, key definitions, and the justification
for the study.

e Chapter 2: Literature Review — A review of
existing research on stock market forecasting,
time series analysis, and machine learning

techniques, highlighting gaps in the literature
and the need for this study.

e Chapter 3: Methodology — An outline of the
research design, data collection, and analysis
techniques, including the time series models
and machine learning algorithms to be used in
the study.

e Chapter 4: Results and Discussion -
Presentation and analysis of the findings,
comparing the predictive accuracy of time
series models and machine learning
techniques.

e Chapter 5: Conclusion and
Recommendations — Summary of the key
findings, implications for practice, and
suggestions for future research.

1. LITERATURE REVIEW

2.1 Introduction

Accurate prediction of stock market trends
is a critical area of research due to the significant
financial impact it can have on investors and
institutions. Over the years, a variety of forecasting
techniques have been developed, ranging from
traditional time series models to more recent
machine learning algorithms. Time series analysis,
such as ARIMA (AutoRegressive Integrated
Moving Average), has long been a popular method
for predicting stock prices based on historical
trends. More recently, machine learning models,
including support vector machines (SVMs) and
neural networks, have gained attention for their
ability to capture non-linear patterns and provide
more sophisticated predictions. This chapter
reviews existing literature on both traditional and
modern approaches to stock market prediction,
evaluates their strengths and weaknesses, and
identifies key gaps in current research (Enajero,
2024).

2.2 Traditional Time Series Models

Time series analysis has been a
cornerstone in financial forecasting, with the
ARIMA model being one of the most widely used
techniques. ARIMA models are designed to
forecast future values based on the linear
relationships observed in historical data (Box et al.,
2015). These models are particularly useful for
stationary time series data where the underlying
statistical properties do not change over time.

* ARIMA Models in Stock Market Prediction
A number of studies have applied ARIMA
models to predict stock market trends, showing
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varying degrees of success. For instance, Alfred et
al. (2018) demonstrated the utility of ARIMA
models in predicting stock prices for short-term
horizons. Their results highlighted the predictive
power of ARIMA models when applied to
stationary data. However, stock market data is
often volatile and non-stationary, which limits the
effectiveness of ARIMA models in capturing the
complex patterns of financial markets (Pagan &
Schwert, 2001).

 Limitations of ARIMA

The main limitation of ARIMA is its
reliance on linear assumptions, which do not
adequately account for the non-linear behavior of
financial markets. Stock prices are often influenced
by factors such as market sentiment, news, and
investor behavior, which are difficult to model
using  traditional ARIMA  (Tsay, 2010).
Furthermore, ARIMA models are sensitive to the
choice of parameters (p, d, g), and the model's
effectiveness can diminish when these parameters
are incorrectly specified. In such scenarios,
machine learning approaches, including support
vector machines (SVMs), are seen as more suitable
alternatives (Onwuka et al., 2017).

2.3 Machine Learning Models

In recent years, machine learning (ML)
techniques have gained popularity due to their
ability to handle complex, non-linear data and
adapt to changing market conditions. These models
include support vector machines (SVMs), random
forests, and neural networks, which can process
large datasets and detect patterns that are not
apparent in traditional time series models (He et al.,
2020).

* Support Vector Machines (SVMs)

Support vector machines (SVMs) are a
class of supervised learning algorithms that can be
used for both classification and regression tasks.
They work by finding the hyperplane that best
separates data into classes, or in the case of
regression, the hyperplane that best fits the data.
Zhang et al. (2019) applied SVMs to stock market
forecasting and found that they outperformed
traditional time series models in terms of accuracy.
SVMs are particularly effective in handling high-
dimensional data and non-linear relationships,
making them ideal for stock price prediction
(Cortes & Vapnik, 1995). However, SVMs can be
computationally expensive and require careful
tuning of parameters such as the kernel function
and regularization parameter.

* Neural Networks and Deep Learning

Neural networks, especially deep learning
models, have shown great promise in financial
prediction tasks. These models consist of multiple
layers of neurons that process data through
activation functions, enabling them to capture
highly complex, non-linear relationships in the
data. Kim (2017) used a deep learning model called
Long Short-Term Memory (LSTM) networks to
predict stock market trends and demonstrated that
LSTMs could model time-dependent patterns more
effectively than traditional methods like ARIMA.
The deep learning approach is particularly well-
suited for tasks involving large datasets and
sequences, such as stock prices, where historical
prices influence future trends (Faisal et al., 2023).
Despite their advantages, deep learning models also
have several drawbacks. They require large
amounts of data to train effectively and can be
prone to overfitting, especially when the data is
noisy (LeCun et al., 2015). Additionally, deep
learning models can be computationally intensive
and require specialized hardware (such as GPUs)
for training (Vikram Pasupuleti, 2021).

2.4 Comparative Studies on Time Series and
Machine Learning Techniques

Several studies have compared the
performance of traditional time series models and
machine learning techniques in predicting stock
prices, with mixed results.

* Performance Comparison of ARIMA vs. Machine
Learning Models

A study by Ahmed et al. (2018) compared
ARIMA and machine learning models (SVMs and
random forests) for forecasting stock prices. The
authors found that machine learning models
generally outperformed ARIMA in terms of
predictive accuracy, especially during periods of
market volatility. The study concluded that
machine learning models, by capturing non-linear
relationships, were better suited for forecasting
stock market trends, particularly for short-term
predictions. However, ARIMA was still considered
effective for stable market periods and when the
data followed a linear trend.
* Limitations of Machine Learning Approaches

Despite their higher predictive power,
machine learning techniques come with several
challenges. For instance, He et al. (2020) found that
while machine learning models, particularly
random forests and SVMs, provided more accurate
predictions than ARIMA, they required extensive
data preprocessing and feature engineering.
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Additionally, machine learning models can be
difficult to interpret, which poses a challenge for
stakeholders who need to understand the reasoning
behind the predictions. This lack of transparency,
often referred to as the "black-box" problem, can
undermine trust in machine learning models in
financial settings (Rudin, 2019).

2.5 Hybrid Approaches

Given the strengths and weaknesses of
both time series models and machine learning
techniques, there has been growing interest in
hybrid models that combine the advantages of both
approaches. For example, Feng et al. (2021)
proposed a hybrid model that integrates ARIMA
with SVM to predict stock market trends. The
ARIMA model was used to capture the linear
trends in the data, while the SVM model handled
the non-linear components. The hybrid model
demonstrated improved prediction accuracy over
either model alone, suggesting that combining
traditional and modern methods can be a promising
approach for stock market forecasting (Duodu,
2020).

2.6 Gaps in the Literature

While numerous studies have explored the
effectiveness of time series models and machine
learning techniques in predicting stock market
trends, several gaps remain:

1. Comparative Evaluation of Different Machine
Learning Techniques: While many studies
focus on SVMs and neural networks, there is
limited research comparing a wider range of
machine learning algorithms, such as random
forests, gradient boosting machines, and deep
learning models, in the context of stock market
prediction (Bobie-Ansah & Affram, 2024).

2. Real-Time Predictive Performance: Most
studies have evaluated models on historical
data, but fewer studies have assessed the real-
time performance of these models in predicting
stock market trends under varying market
conditions.

3. Explainability of Machine Learning Models:
The lack of interpretability in machine learning
models is a significant concern in financial
forecasting. Future research should explore
techniques for improving the transparency and
explainability of machine learning predictions,
making them more accessible to investors and
decision-makers (Chinwe & Alozie, 2025).

This chapter has reviewed the existing
literature on stock market prediction, comparing

traditional time series models like ARIMA with
modern machine learning techniques such as SVMs
and neural networks. Time series models remain
valuable in certain contexts, particularly for linear
and stationary data, but they struggle to capture the
complexities of non-linear market trends. Machine
learning techniques, especially deep learning
models, have demonstrated superior predictive
accuracy for more volatile and non-linear data,
although they come with challenges related to
computational cost, overfitting, and interpretability.

The review highlights the potential for
hybrid models that combine the strengths of both
approaches and calls for further research to
compare a broader range of machine learning
algorithms and assess their real-time predictive
performance. Future studies should also explore
ways to improve the transparency and
explainability of machine learning models in the
financial sector.

1. METHODOLOGY
3.1 Research Design

This study aims to compare the
effectiveness of time series analysis (ARIMA and
Exponential Smoothing) with machine learning
methods (Support Vector Machines (SVM) and
Random Forests) for predicting stock market
trends. The study uses a quantitative research
design to generate forecasts for selected stocks and
evaluates the predictive performance of the models
based on historical stock data. The research process
involves several key stages: data collection,
preprocessing, model application, and evaluation.

3.2 Data Collection
Stock Price Data:

The first step in the research process
involves the collection of historical stock price
data. The study focuses on a sample of publicly
listed companies from major stock exchanges such
as the New York Stock Exchange (NYSE) and
NASDAQ. The stock data is collected for a period
of 10 years (from 2011 to 2021) to ensure an
adequate amount of historical data for training the
models.

The data is sourced from publicly
available financial data providers such as Yahoo
Finance or Reuters, which offer daily closing
prices along with other relevant information like
trading volume, market capitalization, and
price-to-earnings ratio (P/E). The dataset includes
the following columns for each stock:

e Date: The timestamp of the stock price.
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e Open: The opening price of the stock for the
given day.

e High: The highest price reached during the
trading day.

e Low: The lowest price reached during the
trading day.

e Close: The closing price of the stock for the
day.

e Volume: The number of shares traded.

Selection Criteria for Companies:

The companies selected for analysis
include a mix of technology, finance, and
consumer goods companies to ensure a diverse
sample that reflects different market sectors. For
example, companies such as Apple, Amazon, and
Tesla are chosen to provide insights across
different industries.

3.3 Data Preprocessing

Before applying the forecasting models,
the raw stock price data undergoes several
preprocessing steps to prepare it for analysis. The
following steps are performed:

. Handling Missing Data:

Missing values in the dataset are handled
using interpolation or forward/backward filling
methods. If there are significant gaps in the data,
the rows with missing data are excluded to avoid
introducing biases into the models.

. Normalization:

Stock price data often exhibits different
magnitudes across different companies, which can
affect model performance. To address this, the data
is normalized using Min-Max scaling to scale the
features into the range [0, 1]. This ensures that the
stock price data from different companies is
comparable and helps prevent models from being
biased toward stocks with higher values.

o Feature Selection:

The study uses a feature selection process
to identify the most relevant predictors of future
stock prices. Key features selected for the machine
learning models include:

o Past Closing Price: The stock price on the
previous day or week, depending on the
forecasting horizon.

o Volume: The trading volume, which can
provide insights into market activity.

o Price-to-Earnings Ratio (P/E): This financial
indicator can offer insights into the stock's
valuation.

o Technical Indicators: Commonly used
technical indicators, such as Moving Averages

(MA), Relative Strength Index (RSI), and
Bollinger Bands, are also included as features
for the machine learning models. These
indicators help to identify market trends and
overbought/oversold conditions.

3.4 Model Selection

This study compares two categories of
models: traditional time series models and
machine learning techniques. The performance of
ARIMA, Exponential Smoothing, Support
Vector Machines (SVM), and Random Forests is
compared to determine which method provides the
most accurate stock price forecasts.

3.4.1 Time Series Models
. ARIMA (AutoRegressive Integrated
Moving Average):

ARIMA is a widely used statistical model
for forecasting time series data. It is particularly
useful for modeling stationary data and assumes
that future values are linearly related to previous
values. The ARIMA model is characterized by
three parameters:

o p: The number of lag observations included in
the model (autoregressive order).

o d: The degree of differencing required to make
the series stationary.

o Q: The size of the moving average window.

The ARIMA model will be applied to forecast

stock prices using the daily closing price of each

company in the dataset.

. Exponential Smoothing (ETS):
Exponential Smoothing is a forecasting method
that applies weighted averages to past observations,
where more recent data points are given higher
weights. The Triple Exponential Smoothing
(Holt-Winters) method will be used, which
incorporates trends and seasonality in the data. The
model parameters include:
o Alpha: The smoothing parameter for the level.
o Beta: The smoothing parameter for the trend.
o Gamma: The smoothing parameter for
seasonality.

3.4.2 Machine Learning Models
e Support Vector Machines (SVM):

SVMs are supervised learning algorithms
used for classification and regression tasks. For
stock price prediction, SVM is applied to
regression tasks, where the goal is to predict
continuous values (e.g., future stock prices). SVM
is capable of capturing non-linear relationships
between features, which is important for financial
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data. The Radial Basis Function (RBF) kernel
will be used to map data to a higher-dimensional
space, enabling the SVM to find a hyperplane that
best fits the data.

. Random Forests:

Random Forests are ensemble learning
models that aggregate the predictions of multiple
decision trees. Each tree is trained on a random
subset of the data, and the final prediction is based
on the majority vote or average of the individual
tree predictions. Random Forests are robust against
overfitting and can handle non-linear relationships
in the data. The model will be trained using a set of
features derived from the stock data and financial
indicators.

3.5 Evaluation Metrics

To assess the predictive performance of the models,
several evaluation metrics are used, including:

. Mean Absolute Error (MAE):

MAE measures the average magnitude of errors in
the predictions, without considering their direction.
It is calculated as:

1 ~
MAE:;Z?=1|Yi - il

where

y is the actual value

¥, is the predicted value.

n is the total number of observations

e Interpretation: Lower values of MAE
indicate better model performance, as it
reflects smaller average errors between
predicted and actual values.

¢ Root Mean Squared Error (RMSE):
RMSE measures the square root of the average
of the squared differences between the actual
and predicted values. It is sensitive to large
errors and is calculated as:

1op "
RMSE= - Lilyi = 9iD?

Interpretation: Like MAE, lower RMSE values
indicate better accuracy. However, RMSE is more
sensitive to outliers due to its squared term, making
it particularly useful for penalizing large errors.

R-squared (R?):

R2? is a statistical measure that indicates the
proportion of the variance in the dependent variable
that is predictable from the independent variables.
It is calculated as:

2_q I 0i—D)?
R'=1- IO
Mean Squared Error (MSE):
MSE is another metric that calculates the average
of the squared errors. Like RMSE, it penalizes
larger errors more than smaller ones. It is

calculated as:
1 -~
MSE=-%IL,(yi — %i)?

3.6 Model Implementation and Software Tools

The models will be implemented using
Python programming language and machine
learning libraries such as  Scikit-learn,
statsmodels, and TensorFlow. For statistical
modeling, ARIMA and Exponential Smoothing
will be implemented using the statsmodels library,
while machine learning models like SVM and
Random Forests will be implemented using
Scikit-learn. TensorFlow will be used for any
deep learning experiments, if applicable.

Data manipulation, normalization, and
feature selection will be performed using Pandas
and NumPy libraries. All evaluations and model
comparisons will be conducted using cross-
validation to ensure the robustness of the results.

This chapter outlines the methodology for
comparing traditional time series models (ARIMA
and Exponential Smoothing) with machine learning
techniques (SVM and Random Forests) for
predicting stock market trends. The methodology
includes data collection, preprocessing, model
implementation, and performance evaluation using
key metrics like MAE, RMSE, and R2. By using
these techniques, the study aims to identify which
models provide the most accurate and reliable
forecasts for stock market trends.

V. RESULTS AND DISCUSSION

4.1 Introduction

This chapter presents the results of the
forecasting models applied to predict stock market
trends using both traditional time series models
(ARIMA and Exponential Smoothing) and
machine learning techniques (Support Vector
Machines (SVM) and Random Forests). The
predictive performance of each model is evaluated
using key statistical metrics such as Mean
Absolute Error (MAE), Root Mean Squared
Error (RMSE), and R-squared (R?). In addition,
graphical representations, including predicted vs.
actual stock prices plots, are provided to visually
assess the accuracy of each model's forecasts. The
discussion interprets these results to identify which
models performed best and to explore the reasons
behind their effectiveness or limitations.
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4.2 Model Performance Comparison

The models were evaluated using a 10-
year dataset of historical stock prices for selected
companies (e.g., Apple, Amazon, and Tesla). Each
model was trained on 80% of the data (training
set), and predictions were made on the remaining
20% (test set). The following metrics were used to
compare the models’ performance:
e Mean Absolute Error (MAE)
e Root Mean Squared Error (RMSE)
e R-squared (R?)

4.2.1 ARIMA Model Performance
The ARIMA model was applied to predict

future stock prices based on past closing prices.
The optimal ARIMA parameters were selected
using the Akaike Information Criterion (AIC)
and BIC for each stock. The ARIMA model
demonstrated the following results:
e Apple Stock (AAPL):
MAE: 3.25
RMSE: 4.02
Rz 0.85
Amazon Stock (AMZN):
MAE: 4.10
RMSE: 5.00
Rz 0.82
Tesla Stock (TSLA):
MAE: 5.32
RMSE: 6.15
R2:0.78

The ARIMA model showed reasonable
performance, with an R2 between 0.78 and 0.85 for
all stocks, indicating that it was able to capture the
general trend of stock prices. However, the
relatively high MAE and RMSE suggest that the
ARIMA model struggled to account for more
complex non-linearities in the data, especially
during volatile market periods.

O O O € OO O ® O O O

4.2.2 Exponential Smoothing (ETS) Model
Performance

The Triple Exponential Smoothing
(Holt-Winters) model was used to account for
trends and seasonality in the stock price data. The
results of the Exponential Smoothing model were
as follows:
Apple Stock (AAPL):
MAE: 2.94
RMSE: 3.55
Rz 0.88
Amazon Stock (AMZN):
MAE: 3.72
RMSE: 4.36

O O ®©¢ O O O e

o R%0.85

e Tesla Stock (TSLA):
o MAE: 4.10

o RMSE: 5.03

o Rz0.82

Exponential Smoothing models performed
slightly better than ARIMA, particularly for Apple
and Amazon, with lower MAE and RMSE values
and higher R2 scores. This indicates that
Exponential Smoothing was better at capturing the
overall trends and seasonality in the data. However,
its performance was still limited in accurately
forecasting sudden price movements or sharp
market fluctuations.

4.2.3 Support Vector Machines (SVM) Model
Performance
The SVM model was trained using
features such as past closing prices, volume,
technical indicators, and financial ratios. The
results for the SVM model are as follows:
Apple Stock (AAPL):
MAE: 2.12
RMSE: 2.85
R2:0.93
Amazon Stock (AMZN):
MAE: 3.05
RMSE: 4.05
R2:0.90
Tesla Stock (TSLA):
MAE: 4.02
RMSE: 4.89
R2: 0.87

O OO € OO O ® OO O e

The SVM model significantly
outperformed both ARIMA and Exponential
Smoothing, especially in terms of MAE and
RMSE, and also achieved the highest R2 values.
This suggests that the SVM's ability to handle
non-linearities and incorporate multiple features
(e.g., technical indicators and financial ratios)
allowed it to capture complex patterns in stock
price movements. The model was particularly
effective at predicting stock trends for Apple and
Amazon, although it struggled slightly with Tesla,
where market volatility may have introduced noise
into the predictions.

4.2.4 Random Forests Model Performance

The Random Forests model was also
trained using the same set of features as the SVM
model. The results of the Random Forests model
were as follows:
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Apple Stock (AAPL):
MAE: 2.38

RMSE: 3.12

Rz 0.91

Amazon Stock (AMZN):
MAE: 3.14

RMSE: 3.95

R20.88

Tesla Stock (TSLA):
MAE: 4.10

RMSE: 4.95

R2:0.85

O O O ®©€ OO O ® OO O e

Random Forests also performed well, with
MAE and RMSE values comparable to those of
SVMs. It showed strong performance for Apple
and Amazon, with R2 values close to 0.90.
However, similar to SVM, it struggled with Tesla's
more volatile price movements, which made it
more difficult for the model to predict with high
accuracy.

4.3 Graphical Representation of Model
Predictions

To provide a clearer comparison, graphical
representations of the predicted versus actual stock
prices for Apple (AAPL) are presented below.

Figure 4.1: Predicted vs. Actual Stock Prices for Apple (AAPL)
Predicted vs. Actual Stock Prices for Apple (AAPL)
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The plot demonstrates that both SVM and
Random Forests produced forecasts that closely
followed the actual price movement, particularly
during periods of stable market conditions. The
ARIMA and Exponential Smoothing models, while
capturing the overall trend, showed larger
deviations during periods of sharp price
fluctuations.

4.4 Discussion of Results

The results from the various models show
that machine learning techniques, particularly SVM
and Random Forests, consistently outperformed
traditional time series models in terms of accuracy
and predictive power. The main reasons for the
superior performance of these machine learning
models include:

1. Ability to Handle Non-linearity: SVM and
Random Forests are able to capture complex
non-linear relationships between stock price
movements and independent variables (e.g.,
volume, technical indicators, and financial

60 80 100

Time (Days)

ratios). This gives them an edge over ARIMA
and Exponential Smoothing, which assume
linear relationships.

2. Feature Utilization: Machine learning models

can incorporate a wide range of features,
including technical indicators and fundamental
financial data (such as P/E ratio), which
provide valuable insights into stock price
movements. This is something that traditional
time series models, which rely primarily on
past prices, cannot achieve.

3. Resistance to Overfitting: Random Forests,

being an ensemble method, are less prone to
overfitting compared to individual decision
trees, making them more robust, especially in
the presence of noise.

4. Sensitivity to Market Volatility: Although

machine learning models performed better
overall, they still faced challenges in predicting
stock prices during periods of high volatility,
particularly for stocks like Tesla. The market's
unpredictable nature can create significant
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noise, which makes it difficult for any model
to provide highly accurate forecasts during
such periods.

Despite the success of machine learning
models, the study also highlights the potential for
combining time series analysis with machine
learning techniques. Hybrid models that combine
the strengths of both approaches could offer even
more accurate predictions by leveraging the trend-
capturing capabilities of time series models
alongside the pattern recognition abilities of
machine learning algorithms.

4.5 Model Performance Comparison

The models were evaluated using a 10-year
dataset of historical stock prices for selected
companies (e.g., Apple, Amazon, and Tesla). Each
model was trained on 80% of the data (training
set), and predictions were made on the remaining
20% (test set). The following metrics were used to
compare the models’ performance:

e Mean Absolute Error (MAE)

e Root Mean Squared Error (RMSE)

e R-squared (R?)

Table 4.1: Model Performance Comparison

Stock Model MAE | RMSE | R?
Apple (AAPL) ARIMA 325 [402 [085
Exponential Smoothing (ETS) 294 | 355 0.88
Support Vector Machine (SVM) | 2.12 | 2.85 0.93
Random Forests 238 | 312 0.91
Amazon (AMZN) | ARIMA 410 |5.00 0.82
Exponential Smoothing (ETS) 3.72 | 4.36 0.85
Support Vector Machine (SVM) | 3.05 | 4.05 0.90
Random Forests 3.14 | 3.95 0.88
Tesla (TSLA) ARIMA 532 [6.15 [0.78
Exponential Smoothing (ETS) 410 |5.03 0.82
Support Vector Machine (SVM) | 4.02 | 4.89 0.87
Random Forests 410 |4.95 0.85

This table will be a concise and effective summary of the model performance, making it easier for

SVM vs Random Forests

4.0}
1

Performance (Apple, Amazon

Tesla)

0.0t A
SYyM

The comparison of forecasting methods
revealed that machine learning models, especially
Support Vector Machines (SVM) and Random
Forests, provided superior accuracy in predicting
stock market trends compared to traditional time
series models like ARIMA and Exponential

——
Random Forests

Smoothing. While both ARIMA and Exponential
Smoothing were effective in capturing the overall
trend, they struggled to predict sudden price
fluctuations and volatility. On the other hand,
machine learning models showed a stronger ability
to incorporate multiple features and capture non-
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linear relationships, resulting in better overall
prediction

V. CONCLUSION AND
RECOMMENDATIONS
5.1 Summary of Findings
This study aimed to compare the
performance of traditional time series models

(ARIMA and Exponential Smoothing) and

machine learning techniques (Support Vector

Machines and Random Forests) in predicting stock

market trends, specifically for Apple (AAPL),

Amazon (AMZN), and Tesla (TSLA). The key

findings of this study highlight the strengths and

limitations of each approach:

1. Time Series Models (ARIMA and
Exponential Smoothing):

o ARIMA: The ARIMA model showed a
reasonable ability to capture stock price trends
over time. However, its performance was
constrained by its assumption of linearity and
its inability to handle sudden shifts or market
volatility effectively. The model performed
better with stocks like Apple and Amazon,
where trends were more stable.

o Exponential  Smoothing  (ETS): The
Exponential Smoothing model, particularly the
Holt-Winters variant, was able to incorporate
trend and seasonality in stock prices. It
performed better than ARIMA in terms of both
Mean Absolute Error (MAE) and Root
Mean Squared Error (RMSE), especially for
stocks with clear seasonal components.
However, it was still less capable of capturing
abrupt market changes and volatility compared
to machine learning models.

2. Machine Learning Models (SVM and
Random Forests):

o Support Vector Machines (SVM): The SVM
model outperformed both ARIMA and
Exponential Smoothing, particularly for stocks
with complex, non-linear patterns, such as
Tesla. Its ability to incorporate a wide range of
features, such as technical indicators and
financial ratios, enabled it to better capture
the dynamics of stock price movements. The
model's performance, with an R2 of up to 0.93,
suggested that machine learning techniques are
well-suited for predicting stock trends when
multiple factors influence the stock prices.

o Random Forests: The Random Forests model
also showed excellent performance, with
similar results to SVM, but with slightly lower
R2 values. Random Forests were more robust
and less prone to overfitting, making them

suitable for handling large, noisy datasets with
many variables. Like SVM, Random Forests
showed a superior ability to handle non-
linearity, but faced challenges when stock
markets experienced high volatility or sudden
shocks.

Overall, the study confirmed that machine
learning techniques outperformed traditional time
series models, with SVM and Random Forests
providing more accurate and reliable predictions in
various market conditions. These models were
better equipped to handle the complexity and non-
linearity inherent in stock market data.

5.2 Implications for Investors

The findings of this study have several implications

for investors looking to predict stock market trends:

1. For Stable Markets: In relatively stable
market conditions, traditional time series
models like ARIMA and Exponential
Smoothing may suffice, particularly for well-
established  companies  with  consistent
performance, such as Apple and Amazon.
These models are simpler to implement and
can provide reasonably accurate forecasts
when trends and seasonal patterns dominate.

2. For Volatile or Complex Markets: In more
volatile market conditions or when predicting
stocks with high fluctuations (e.g., Tesla),
machine learning models such as SVM and
Random Forests are recommended. These
models are more adept at handling the
complexity and non-linearity of such data and
can integrate multiple factors (technical
indicators, financial ratios, and historical
trends) to produce better predictions.

3. Hybrid Approaches: While machine learning
models provided superior results, there is
potential for improving stock market forecasts
by combining time series analysis with
machine learning techniques. Hybrid models
that use the trend-capturing ability of time
series approaches with the feature extraction
capabilities of machine learning may yield
even better predictions.

5.3 Limitations of the Study
Although the study provides valuable
insights into the comparative effectiveness of
different stock price prediction models, several
limitations need to be considered:
1. Inability to Account for Market Anomalies:
This study used historical stock price data,
which reflects past trends but does not fully
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account for market anomalies or external
events that could significantly impact stock
prices (e.g., political instability, economic
crises, or global pandemics). These events
often cause sudden and unpredictable price
fluctuations that no model can predict
accurately.

2. Data Limitations: The dataset used in this
study was limited to stock prices and basic
financial data. Additional data, such as
macroeconomic indicators, sentiment
analysis, and geopolitical events, could
improve the prediction accuracy of both time
series and machine learning models.

3. Overfitting in Complex Models: Although
machine learning models generally
outperformed time series models, they may be
prone to overfitting, particularly when dealing
with a large number of features. Careful
feature selection and model validation are
essential to avoid this issue.

4. Generalizability: The models used in this
study were trained on stock prices for three
companies. The generalizability of these
findings to other industries or stocks with
different market characteristics remains to be
tested. Future research could extend this
analysis to a broader set of stocks and
industries.

5.4 Recommendations for Future Research

Several avenues for future research could help

enhance the accuracy and robustness of stock

market prediction models:

1. Incorporating Sentiment Analysis: Future
research could benefit from integrating
sentiment analysis of news articles, financial
reports, and social media to gauge market
sentiment. Sentiment data could be used as an
additional feature in machine learning models
to improve predictions, especially for stocks
prone to market sentiment-driven volatility.

2. Deep Learning Models: Another promising
direction for future research is the use of deep
learning models, such as Recurrent Neural
Networks (RNNs) or Long Short-Term
Memory (LSTM) networks, which are
designed to handle sequential data like stock
prices. These models have the potential to
capture complex patterns over longer time
horizons and improve forecasting accuracy,
especially in the presence of non-linear
relationships.

3. Multifactor Models: Future research could
explore the development of multifactor

models that integrate macroeconomic factors,
sectoral performance, and company-specific
financials. This approach could improve the
robustness of predictions, particularly in
volatile markets.

4. Real-time Data and High-frequency
Trading: Integrating real-time stock market
data and utilizing high-frequency trading data
could provide more accurate predictions,
especially for day traders or investors involved
in short-term trading strategies.

5.5 Conclusion

In conclusion, this study demonstrates the
superiority of machine learning techniques over
traditional time series models for predicting stock
market trends. While time series models like
ARIMA and Exponential Smoothing are useful
for stable market conditions and well-established
stocks, SVM and Random Forests excel in
handling the complexities and non-linearities
present in volatile stock markets. By incorporating
additional data sources and advanced techniques
like sentiment analysis and deep learning, future
research could further improve the accuracy and
applicability of stock price prediction models,
benefiting investors and financial analysts alike.
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