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Abstract: Financial time series forecasting plays a crucial role in predicting future market trends, 
pricing assets, and managing risks in financial markets. This paper compares traditional methods, 
such as ARIMA, Exponential Smoothing, and GARCH, with AI-driven techniques, including ma-
chine learning and deep learning models, for financial time series forecasting. Traditional models 
are well-established and effective for stationary data, but they struggle with non-linear relationships 
and large datasets. In contrast, AI-driven techniques, such as Random Forests, Long Short-Term 
Memory Networks (LSTMs), and reinforcement learning, offer improved accuracy and adaptability 
by capturing complex patterns in the data. However, these models come with higher computational 
complexity and challenges related to interpretability. The paper provides a comprehensive compar-
ison of these methods, highlighting their strengths, limitations, and practical applications. It con-
cludes by offering recommendations for when to use traditional methods versus AI-driven ap-
proaches, based on the nature of the data and forecasting needs. The integration of AI with tradi-
tional models is also discussed as a promising future direction in financial forecasting. 
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1. Introduction 
1.1. Brief Overview of Financial Time Series Forecasting 

Financial time series forecasting refers to the process of predicting future values of 
financial variables, such as stock prices, exchange rates, interest rates, and economic indi-
cators, based on historical data. Time series data in finance is typically sequential, captur-
ing the dynamics of financial markets over time. The challenge of forecasting such data 
lies in its inherent volatility, trends, seasonality, and various external factors influencing 
the market [1]. Over the years, a variety of methods have been developed to model and 
predict these time series, ranging from simple linear models to complex machine learning 
algorithms. 

1.2. Importance of Accurate Predictions in Financial Markets 
Accurate forecasting plays a crucial role in financial decision-making. Investors, trad-

ers, and financial institutions rely on forecasts to optimize portfolios, minimize risks, and 
enhance returns. For instance, a precise prediction of stock prices can enable traders to 
make informed buy or sell decisions, while accurate forecasting of economic indicators 
can aid in monetary policy formulation and business planning [2]. The impact of forecast-
ing extends beyond just profit-making, as it can also influence financial stability, market 
sentiment, and even government regulations. Consequently, improving the accuracy of 
financial forecasts is a critical endeavor for both academia and industry. 
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1.3. Purpose and Scope of the Paper 
This paper aims to provide a comparative analysis of traditional time series forecast-

ing methods and AI-driven techniques. While traditional approaches such as ARIMA, ex-
ponential smoothing, and GARCH models have long been staples in financial forecasting, 
the rise of AI technologies—especially machine learning (ML) and deep learning (DL)—
has introduced more sophisticated tools that can potentially outperform traditional mod-
els in certain scenarios. The purpose of this paper is to critically examine both approaches, 
assess their strengths and weaknesses, and explore their applicability in different financial 
contexts. By comparing these methodologies, the paper will offer insights into how finan-
cial institutions and researchers can leverage the best of both worlds to enhance forecast-
ing accuracy and decision-making [3]. 

2. Traditional Methods in Financial Time Series Forecasting 
2.1. ARIMA (AutoRegressive Integrated Moving Average) 

ARIMA is one of the most commonly used models for time series forecasting. It com-
bines three main components: autoregressive (AR), differencing (I), and moving average 
(MA). ARIMA is particularly useful for forecasting time series data such as stock prices, 
exchange rates, and interest rates. It works best when the data exhibits some form of trend 
or seasonality but is generally used for stationary series. 

One of ARIMA’s main advantages is its simplicity and proven effectiveness, espe-
cially when working with univariate time series [4]. However, it has several limitations. 
ARIMA assumes linear relationships in the data and requires it to be stationary, which is 
not always the case in real-world financial markets. Additionally, it struggles with large 
datasets and non-linear relationships, and it can be sensitive to outliers. 

2.2. Exponential Smoothing 
Exponential smoothing methods, such as the Holt-Winters model, use weighted av-

erages of past observations, with more recent data receiving greater weight. This method 
is especially effective for data exhibiting trends and seasonality, such as retail sales or 
certain stock prices. Holt-Winters is commonly used when the goal is to capture both the 
level and trend in financial data, and it is particularly useful for short-term forecasting. 

While exponential smoothing is relatively easy to implement and adapts quickly to 
changes in the data, it does have some drawbacks. It assumes that future patterns will 
follow past behavior, which is not always the case in volatile financial markets. Moreover, 
selecting the right smoothing parameters can be challenging, and the model can struggle 
when the data is highly volatile or exhibits complex patterns. 

2.3. Statistical Models (e.g., GARCH) 
The GARCH (Generalized Autoregressive Conditional Heteroskedasticity) model is 

a popular tool for modeling volatility in financial time series. It focuses on forecasting the 
variance or volatility of financial data, such as stock returns or market indices, by model-
ing time-varying volatility [5]. GARCH models are particularly useful for risk manage-
ment, as they capture periods of high volatility followed by calm phases, which are com-
mon in financial markets. 

GARCH is widely used in risk management for calculating metrics like Value-at-Risk 
(VaR) and in options pricing models. However, it mainly focuses on variance, not on pre-
dicting actual price movements, and it may not accurately capture extreme events (also 
known as "fat tails"). 

2.4. Limitations of Traditional Methods 
Traditional forecasting methods such as ARIMA, exponential smoothing, and 

GARCH often rely on certain assumptions that may not hold true for all financial data. 
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Many of these models assume that the data is stationary, which means its statistical prop-
erties, like mean and variance, do not change over time. However, financial data is often 
non-stationary, and transformations like differencing are required to make the data usable. 
Additionally, these models assume linear relationships between observations, which may 
not reflect the complex, non-linear dynamics of financial markets. 

Furthermore, traditional methods struggle with handling large datasets and the in-
tricate, non-linear patterns present in modern financial markets. Given that financial data 
is influenced by numerous factors, these models may fail to capture the full complexity of 
market behavior [6]. 

As shown in Table 1, traditional methods each have their strengths and limitations, 
and their applicability in finance can vary depending on the data and the specific forecast-
ing problem. 

Table 1. Comparison of Traditional Methods. 

Method Strengths Limitations Applicability in 
Finance 

ARIMA Simple, proven, effective 
for stationary data 

Assumes linearity, 
requires stationary data 

Stock prices, 
exchange rates, 

interest rates 

Exponential 
Smoothing 

Adaptive to recent changes, 
handles trend/seasonality 

Assumes past behavior 
repeats, sensitive to 

parameter choice 

Retail sales, energy 
consumption, stock 

trends 

GARCH 
Models volatility clustering, 

widely used in risk 
management 

Focuses on volatility, not 
actual prices 

Risk management, 
options pricing 

3. AI-Driven Techniques in Financial Time Series Forecasting 
The rapid development of Artificial Intelligence (AI) has introduced new possibilities 

for financial time series forecasting. Unlike traditional statistical methods, AI-driven mod-
els have the ability to handle vast amounts of data and detect complex, non-linear patterns 
that may be difficult for conventional approaches to capture. In this section, we will ex-
plore some of the most prominent AI-driven techniques used in financial forecasting. 

3.1. Machine Learning Models 
Machine learning models have gained significant attention in the financial sector due 

to their ability to process large datasets and uncover hidden patterns. Among the most 
widely used machine learning techniques are Decision Trees, Random Forests, and Gra-
dient Boosting models. These algorithms work by learning from historical data to make 
predictions about future outcomes, and they excel at modeling non-linear relationships 
[7]. 

For instance, decision trees work by splitting data into smaller subsets based on fea-
ture values, which allows the model to adapt to complex patterns. Random Forest and 
Gradient Boosting are ensemble methods that combine multiple decision trees to improve 
predictive accuracy. These techniques can handle high-dimensional datasets and capture 
intricate interactions among variables, making them particularly effective for financial ap-
plications where relationships between market factors can be highly complex and non-
linear. 

3.2. Deep Learning Models 
Deep learning has revolutionized time series forecasting, particularly with the ad-

vent of Recurrent Neural Networks (RNNs) and Long Short-Term Memory Networks 
(LSTMs). RNNs and LSTMs are designed to process sequences of data, which makes them 
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ideal for financial time series that often exhibit temporal dependencies [8]. These models 
are particularly powerful in forecasting tasks like stock price prediction, currency ex-
change rates, and commodity prices, where historical trends and patterns are crucial to 
future predictions. 

LSTMs, a specific type of RNN, address the challenge of vanishing gradients in tra-
ditional RNNs, allowing them to capture long-term dependencies in time series data. This 
makes them particularly well-suited for complex forecasting tasks in the financial domain, 
where events in the distant past may have a significant influence on future outcomes. 

3.3. Reinforcement Learning for Portfolio Management 
An exciting area within AI is Reinforcement Learning (RL), which has gained traction 

in portfolio management and algorithmic trading. RL algorithms learn optimal trading 
strategies by interacting with the financial environment, receiving rewards or penalties 
based on the performance of their actions. Over time, the algorithm refines its strategy to 
maximize its cumulative reward, which can lead to more effective trading decisions. 

For example, an RL-based model can optimize asset allocation in a portfolio, adjust-
ing positions dynamically based on market conditions. By learning from both historical 
and real-time data, reinforcement learning models can adapt to shifting market dynamics, 
making them highly useful for portfolio management and automated trading. 

3.4. Strengths of AI-Driven Methods 
The major strength of AI-driven methods lies in their adaptability to complex, non-

linear relationships. While traditional models like ARIMA or GARCH assume linearity, 
AI techniques can capture patterns that are much harder to model, especially in highly 
volatile and interconnected financial markets. AI models are also able to learn and im-
prove over time, which means they can adapt to new trends and shifts in market condi-
tions without requiring manual intervention. 

Another key advantage of AI-driven methods is their ability to handle large, high-
dimensional datasets. Financial data is vast and diverse, and AI techniques, particularly 
machine learning and deep learning, excel at processing this data to uncover hidden in-
sights [9]. These models have the potential to identify subtle patterns and make more ac-
curate predictions than traditional models, especially when dealing with large volumes of 
unstructured data such as news articles or social media sentiment. 

As shown in Table 2, AI-driven techniques such as machine learning, deep learning, 
and reinforcement learning offer significant advantages over traditional models. These 
methods are particularly effective in handling large datasets, capturing non-linear rela-
tionships, and adapting to dynamic market conditions. 

Table 2. Comparison of AI-Driven Methods in Financial Time Series Forecasting. 

Method Key Features Applications in Finance 

Machine Learning Handles large datasets, models non-
linear relationships, ensemble methods. 

Stock price prediction, 
market trend analysis. 

Deep Learning 
(RNNs, LSTMs) 

Captures long-term dependencies, 
excellent for sequential data. 

Stock prices, forex rates, 
commodity prediction. 

Reinforcement 
Learning 

Optimizes decision-making over time, 
adapts to market changes. 

Portfolio management, 
algorithmic trading. 

4. Comparison of Traditional Methods and AI-Driven Techniques 
We compare traditional forecasting methods (such as ARIMA, Exponential Smooth-

ing, and GARCH) with AI-driven techniques (such as Machine Learning, Deep Learning, 
and Reinforcement Learning) across several important aspects: accuracy, computational 
complexity, flexibility and adaptability, and interpretability. Each of these factors plays a 

https://doi.org/10.71222/339b9812


Journal of Computer, Signal, and System Research https://www.gbspress.com/index.php/JCSSR 
 

Vol. 2 No. 2 (2025) 5 https://doi.org/10.71222/339b9812 

crucial role in determining the most appropriate forecasting method for a given financial 
application. 

4.1. Accuracy 
Accuracy is a critical measure of any forecasting model, particularly in the context of 

financial markets where even small errors can lead to significant consequences [4]. Tradi-
tional methods like ARIMA and GARCH have been used for many years and are effective 
in scenarios where data follows well-defined trends and seasonality. However, these 
models are generally limited by their assumption of linearity and stationarity, which may 
not fully capture the complex dynamics of modern financial data. 

In contrast, AI-driven models, particularly machine learning algorithms like Random 
Forests and Gradient Boosting, can capture non-linear relationships and interactions 
among variables. This gives them an edge in terms of forecasting accuracy, especially in 
volatile markets where traditional models may struggle. Deep learning models, such as 
LSTMs, are particularly effective in capturing long-term dependencies in sequential data, 
offering high accuracy in time series predictions. 

4.2. Computational Complexity 
One significant drawback of AI-driven models is their computational complexity. 

Machine learning and deep learning models often require significant computational re-
sources, particularly when dealing with large datasets. Training deep learning models, 
such as LSTMs, can be time-consuming and may require specialized hardware (e.g., 
GPUs). Additionally, the tuning of hyperparameters and cross-validation can further in-
crease the computational load [10]. 

On the other hand, traditional models like ARIMA and Exponential Smoothing are 
relatively simpler and less computationally demanding. These methods can be imple-
mented quickly on small to moderate-sized datasets, making them an attractive choice 
when computational resources are limited. However, this advantage comes at the cost of 
flexibility and accuracy when dealing with more complex, high-dimensional data. 

4.3. Flexibility and Adaptability 
When it comes to flexibility and adaptability, AI-driven techniques significantly out-

perform traditional models. Financial data is often highly complex and subject to rapid 
changes. AI models are designed to learn from large volumes of data and adapt over time, 
making them ideal for real-time forecasting in dynamic environments. For example, rein-
forcement learning can adapt to shifting market conditions by learning from ongoing ac-
tions and adjusting strategies accordingly. 

In contrast, traditional methods are often constrained by their underlying assump-
tions (e.g., stationarity, linearity) and may require significant adjustments to handle new, 
unseen types of data or evolving market trends. This makes AI models more versatile and 
able to handle a broader range of forecasting challenges. 

4.4. Interpretability 
Interpretability refers to the ability to understand and explain how a model arrives 

at its predictions. Traditional models like ARIMA and Exponential Smoothing are gener-
ally considered more interpretable because their processes are based on clear, statistical 
principles. For instance, in ARIMA, the coefficients of the model can be easily understood, 
and the relationships between the data points are relatively straightforward. 

AI-driven models, particularly deep learning models, are often referred to as “black 
boxes” because it can be difficult to explain how they make specific predictions. This lack 
of transparency can be a concern in regulated industries like finance, where decision-mak-
ing processes need to be explainable and auditable. However, recent advances in AI, such 
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as explainable AI (XAI), are working to improve the interpretability of these models, of-
fering more insights into how and why certain decisions are made. 

As shown in Table 3, AI-driven techniques generally offer higher accuracy and 
greater flexibility, particularly when dealing with complex financial data. However, they 
come with increased computational demands and challenges related to interpretability. 
Traditional methods, while simpler and more interpretable, may not be as effective in 
handling the dynamic, non-linear nature of modern financial markets. 

Table 3. Comparison of Traditional Methods and AI-Driven Techniques. 

Aspect Traditional Methods AI-Driven Techniques 

Accuracy 
Effective for stationary and 

linear data 
Superior at capturing non-linear and 

complex patterns 
Computational 

Complexity 
Low computational demand, 

easy to implement 
High computational cost, especially 

for deep learning 
Flexibility and 
Adaptability 

Limited adaptability to 
changing market conditions 

Highly adaptable, can learn and 
adjust in real-time 

Interpretability Highly interpretable, 
transparent processes 

Often difficult to interpret, 
especially deep learning models 

5. Challenges and Future Directions 
While both traditional methods and AI-driven techniques have demonstrated their 

effectiveness in financial time series forecasting, several challenges still exist that can im-
pact the accuracy, reliability, and applicability of these models. In this section, we explore 
some of the key challenges these techniques face, as well as potential future directions in 
the field of financial forecasting [11]. 

5.1. Data Quality and Availability 
High-quality financial data is essential for both traditional and AI-driven methods to 

function effectively. For traditional models like ARIMA, GARCH, and Exponential 
Smoothing, data quality directly impacts model performance. For instance, missing val-
ues, outliers, and noisy data can distort the results, making predictions less reliable. Sim-
ilarly, AI models, especially machine learning and deep learning techniques, require large 
amounts of high-quality data for training. These models are highly sensitive to the data 
they are trained on, and poor data quality can lead to inaccurate predictions, ultimately 
undermining the model’s usefulness. 

The availability of data is also a concern, particularly when dealing with emerging 
financial markets or new asset classes. Insufficient historical data can limit the effective-
ness of both traditional and AI methods, and obtaining high-frequency, real-time data for 
accurate predictions remains a challenge for many financial institutions. 

5.2. Overfitting and Model Complexity 
Overfitting is a significant concern when dealing with complex models, especially in 

AI. AI models, particularly deep learning networks, have the capacity to learn intricate 
patterns within the data, but they can also pick up noise and irrelevant information, lead-
ing to overfitting. This means that the model may perform exceptionally well on the train-
ing data but struggle to generalize to new, unseen data. In financial markets, where data 
is constantly evolving, overfitting can be particularly damaging, as it may lead to poor 
predictions in real-world scenarios. 

Traditional models, while less prone to overfitting, also face challenges in capturing 
the complex, non-linear relationships that dominate modern financial markets. The sim-
plicity of models like ARIMA or GARCH may limit their predictive power, particularly 
in high-volatility environments where more sophisticated models may be necessary. 
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5.3. Future Trends 
Looking ahead, several exciting developments are shaping the future of financial 

time series forecasting. 

5.3.1. Integration of AI with Traditional Methods 
One promising direction is the integration of AI with traditional forecasting methods. 

While AI techniques offer flexibility and accuracy, they often require large datasets and 
significant computational resources. On the other hand, traditional methods are compu-
tationally efficient but may struggle with the complexity of modern financial data. Com-
bining the strengths of both approaches could lead to more robust models that offer im-
proved forecasting accuracy without sacrificing interpretability. For example, AI models 
can be used to capture non-linear relationships and complex patterns, while traditional 
models can provide a solid, interpretable foundation for understanding the underlying 
data. 

5.3.2. AI Advancements in Financial Forecasting 
As AI technologies continue to evolve, we can expect more sophisticated models that 

integrate reinforcement learning, transfer learning, and other advanced techniques to im-
prove forecasting accuracy and adaptability. Reinforcement learning, for example, offers 
the potential for models to continuously learn and adapt in real-time, optimizing trading 
strategies as market conditions change. Additionally, new approaches in explainable AI 
(XAI) could enhance the transparency of deep learning models, making them more inter-
pretable for financial decision-makers. 

With the advent of quantum computing, there is also potential for significant break-
throughs in financial forecasting. Quantum algorithms could speed up the training of AI 
models and improve their ability to handle complex, high-dimensional datasets, opening 
up new possibilities for real-time forecasting in global financial markets. 

6. Conclusion 
In this paper, we have explored the strengths and weaknesses of both traditional 

methods and AI-driven techniques in the context of financial time series forecasting. We 
began by discussing key traditional models, including ARIMA, Exponential Smoothing, 
and GARCH, and highlighted their effectiveness in certain situations, particularly when 
financial data exhibits clear trends or stationarity. However, we also identified their limi-
tations, such as assumptions of linearity, stationarity, and difficulty handling non-linear 
relationships or large datasets. 

On the other hand, AI-driven approaches, including machine learning models like 
Random Forests, deep learning models such as LSTMs, and reinforcement learning for 
portfolio optimization, offer substantial improvements in forecasting accuracy, flexibility, 
and adaptability. These models excel at handling complex, non-linear patterns in financial 
data, which are often overlooked by traditional models. Despite their advantages, AI 
models come with increased computational complexity and challenges related to inter-
pretability, making them more resource-intensive and harder to explain. 

The comparison of both approaches revealed that while traditional methods are more 
interpretable and computationally efficient, AI-driven techniques provide greater accu-
racy and adaptability, especially when dealing with the dynamic and volatile nature of 
modern financial markets. However, the challenge of obtaining high-quality, reliable data 
and avoiding overfitting remains for both types of models. 

In practice, the decision to use traditional methods versus AI-driven approaches de-
pends largely on the nature of the financial data and the specific forecasting needs. Tradi-
tional methods may still be the preferred choice for simpler, well-behaved datasets where 
linearity and stationarity are present, or when computational resources are limited. They 
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are also suitable for scenarios where interpretability is essential, such as regulatory envi-
ronments or when model transparency is required. Conversely, AI-driven models should 
be considered when forecasting complex, non-linear, or high-dimensional financial data, 
such as stock prices or forex rates, where traditional models struggle. These models are 
particularly useful when predictive accuracy is paramount, and sufficient computational 
resources are available to handle the increased complexity. 

Combining AI with traditional methods may offer a balanced solution, leveraging 
the strengths of both approaches. Looking ahead, as AI continues to advance and over-
come challenges related to computational demand and interpretability, we can expect 
even more powerful and efficient forecasting models that will further transform financial 
decision-making processes. 
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