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ABSTRACT

This paper discusses the application of deep learning technology in financial data prediction. First,
the background of deep learning and its wide application in various fields are introduced, with
special emphasis on its advantages in dealing with complex nonlinear relationships and high-
dimensional data. Then, the characteristics of financial data, including randomness, high noise, low
signal-to-noise ratio, non-stationarity and nonlinearity, are described in detail, and the limitations
of traditional time series models such as AR, ARMA, and ARIMA in processing these data are
analyzed. Then, the structure and working principle of BP neural network and recurrent neural
network (RNN), especially long short-term memory network (LSTM), are introduced, and their
advantages in capturing long-term dependence of time series data are explained. Finally, through
the examples of stock price prediction, market risk management and portfolio optimization, the
practical application of deep learning model in financial data prediction and its remarkable effect
are demonstrated. This paper aims to provide new ideas and tools for financial market analysis and
prove the potential and effectiveness of deep learning models in the financial field.

© The Author(s) 2024. Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which permitsuse,
sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the originalauthor(s) and the
source, provide a link to the Creative Commons licence, and indicate if changes were made. The images or other thirdparty material in this article
are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the mate-rial. If material is not included in
the article’s Creative Commons licence and your intended use is not permitted by statutory regulation orexceeds the permitted use, you will need
to obtain permission directly from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0



115

1. INTRODUCTION

With the continuous development of the field of artificial intelligence, deep learning technology has
been widely used in more and more research fields and practical scenarios, including but not limited to
natural language processing, image recognition, medical prediction and so on. Due to the rise of deep
learning, the neural networks used in these applications have also been developed and improved.
Reinforcement learning, for example, has become popular since AlphaGo beat the best player of the
day. These technological breakthroughs provide a solid and reliable starting base for financial market
data models and greater room for improvement.

With its highly complex nonlinear relationship, deep learning technology can fully describe the complex
characteristics of influencing factors. The predictive accuracy of deep learning models has been
validated in many other areas, such as image classification and genetic analysis. The deep learning
algorithm is also used in the analysis and prediction of time series data. For example, deep learning is
used in recommendation systems [1] and traffic flow prediction analysis [2]. Therefore, the good
performance of deep learning models in other areas of research further proves its feasibility in
predicting trends in financial data.

As a mature algorithm in a wide range of applications, deep learning is able to efficiently process high-
dimensional, non-linear, discontinuous data, which makes its potential in financial market forecasting
widely validated. More and more investors are using deep learning models to predict and study stock
and foreign exchange prices, and financial researchers around the world have been using deep learning
algorithms to tap into changes in financial markets. This paper will discuss the method and effect of
using deep learning technology to predict the trend of financial data, in order to provide new ideas and
tools for financial market analysis.

2. RELATED WORK
2.1 The Features of Financial Data

1. Financial data has randomness and complex influencing factors

The financial market itself will be affected by many factors such as policies, economic operation and
global situation, resulting in a high degree of randomness in financial data. Traditional time series
analysis models have certain limitations in dealing with such complexity due to their dependence on
fixed model framework and relatively strict assumptions [4]. The prediction accuracy of these models
largely depends on the correctness of the assumptions. However, as a non-parametric model, neural
network model can achieve high prediction accuracy with few assumptions, so the adoption of neural
network model will greatly reduce the prediction error caused by incorrect assumptions [5].

2. Financial data has the characteristics of high noise and low signal-to-noise ratio
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Because financial markets are affected by a variety of factors, financial data usually show significant
volatility. In this data, noise often obscures valuable information. For example, the influence of external
factors makes the fluctuation of stock prices between peaks and troughs more complicated, which
reduces the signal-to-noise ratio and makes it more difficult to predict stock prices effectively. Because
of its strong generalization ability, neural networks can effectively eliminate noise through appropriate
fitting and dig out valuable information hidden in the data, so it is very suitable for processing these
noisy financial data.

3. Financial data is characterized by non-stationarity and nonlinearity

The financial market is a complex and huge system, and there is a strong nonlinear relationship between
financial data. Traditional nonlinear models often can not fully describe this complex nonlinear
relationship, resulting in higher requirements for prediction models. The neural network model has a
powerful feature extraction function, which can learn more complex functional relationships so as to
capture better and predict nonlinear features in financial data.

Based on the above characteristics, the deep learning model is especially suitable for the analysis and
prediction of financial time series data. The flexibility and strong learning ability of neural networks can
better deal with the randomness, noise, and nonlinearity of financial data, which provides a powerful
tool and a new perspective for financial market analysis.

2.2Traditional Time Series Model
1. Auto Regressive (AR model)

In financial markets, past values are the best source of information for predicting future values. The
autoregressive model (AR model) is a commonly used model in time series analysis, which can describe
financial data intuitively. Its basic form is:

\IX_t=\phi_1X_+\{1}t-phi_2X_ {2}t-++\\cdotsphi_nX_-n}{t+\epsilon_t\tag\]{2.1} (1)

In the time series literature, the model (2.1) is called an AR model of order n, or simply AR(n), where n is
the model order and \(\phi\) is the model parameter. \(\epsilon_t\) is white noise with zero mean and
variance \(\sigma_\epsilon*2\). Take stock price sequence as an example: \(X_t\) represents the stock
price on day \(t\), \(X_{t-n}\) represents the stock price on day \(t-n \), \(\epsilon_t\) represents random
noise, So the stock price on day \(t\) can be expressed as a linear combination of the stock prices on the
previous day \(n\).

However, the AR(n) model requires the sequence to be a stationary random sequence, that is, it
requires the overall expected value and variance of the sequence to be stable. However, financial data
fluctuates frequently, so a single AR(n) model is only suitable for short-term or gently fluctuating
financial data prediction, and its prediction model has poor timeliness and generality.

2. Autoregressive Moving Average Model (ARMA model)

The autoregressive moving average model (ARMA model) is a new time series analysis tool that
combines the AR autoregressive process with the MA moving average process.

Among them, the moving average model (MA model) is a common model under time series conditions.
If the time series \(\{X_t\}\) satisfies:
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\ [X_t=\\theta_1\epsilon_epsilon_t+{1}t-++\\ cdotstheta_q \ epsilon_ {t - q} \ tag \] {2.2}

Then the time series \(\{X_t\}\) in (2.2) is called the moving average model of order g. MA models need
to meet the condition of "smooth movement in all situations."

In summary, suppose \(\{X_t\}\) is a stationary time series with a mean of 0, then the ARMA(p,q) model
formula of P-order autoregressive and Q-order moving average is expressed as follows:

\[X_t - \phi_1 X_{t-1} - \phi_2 X_{t-2} - \cdots - \phi_n X_{t-p} = \epsilon_t + \theta_1 \epsilon_{t-1} +
\cdots + \theta_q \epsilon_{t-gq} \tag{2.3}\]

Model (2.3) can be abbreviated to \ (\ phi X_t =\ theta (B) (B) \ epsilon_t \). However, for the financial
data that fluctuates frequently in the financial market, the prediction effect of the autoregressive
moving average model is also poor.

3. Autoregressive integral Moving Average Model (ARIMA model)

The autoregressive integral moving average model (ARIMA model) is a classical time series
measurement model, which was first proposed by C.P. Box and G.M. Jenkins in the 1970s [43]. The core
idea is: Firstly, the non-stationary time series is transformed into a stationary series by D-order
difference, and the autoregressive (AR(p)) and moving average (MA(q)) processes are carried out, and
then the sample self-determination coefficient and partial self-determination coefficient are used to
identify the established model.

In the ARIMA(p, d, gq) model, d is the difference order. Difference is a method to stabilize the unstable
time series in the financial market. The steps of establishing the ARIMA model after the difference are
basically the same as those of the ARMA model. When \(d = 0\), the ARIMA model is an ARMA model.

The time series model is characterized by the ability to extract useful information from historical data
and predict future trends. In this way, price changes over time can be obtained and synthesized into a
linear trend. However, the ARIMA model only uses random items to reflect other factors affecting
financial data and cannot control other factors affecting financial data, which is a defect of the ARIMA
model when fitting financial time series .

Although traditional time series models such as AR, ARMA, and ARIMA have some applications in
financial time series analysis, they have limitations when dealing with data with non-stationarity, high
noise, and complex nonlinear relationships. In contrast, deep learning models can better cope with
these challenges due to their powerful feature extraction and nonlinear modeling capabilities, and
provide more effective tools and methods for the trend prediction of financial data.

3. Deep Learning Model
3.1 Neurons and BP neural networks

Deep learning was originally inspired by the principle and structure of the human brain, and there are
many biological neurons in the biological neural network, and neurons are connected with each other.
When a current above a threshold passes through a biological neuron, that neuron is activated and



ISSN:3006-4023 (Online), Journal of Artificial Intelligence General Science (JAIGS) 118

delivers chemicals to the neurons connected to it. Therefore, artificial neural network can be realized by
imitating the constitutive principle of biological neural network.

1. Back Propagation neural network (BP neural network)

Backpropagation neural network (BP neural network), which was proposed in the 1980s, is an important
model of deep learning. BP neural network adjusts the weight and threshold of the connection through
the forward transmission of data and the reverse feedback of errors, so as to learn and optimize.

BP neural network consists of three parts: input layer, hidden layer and output layer. Each layer is made
up of multiple neurons that are connected to each other by weights, but neurons within the same layer
are not connected to each other. A typical BP neural network consists of three layers: an input layer, a
hidden layer and an output layer. The model is shown in Figure 1. Input data x and label data y represent
feature data and label data respectively, and dimension d and dimension | represent dimension
information of data.

Figure 1.BP neural network architecture

The BP neural network model in Figure 1 can work through the following steps:

Forward propagation: The input data starts from the input layer, is processed by the nonlinear activation
function of the hidden layer, and finally reaches the output layer. The output of each layer serves as the
input of the next layer.

Calculation error: The output of the output layer is compared with the real label data y, and the
calculation error (usually using the mean square error or cross entropy loss) is calculated.

Error backward propagation: The calculated error starts from the output layer and passes back to each
layer in reverse, and adjusts the weight and threshold between neurons in each layer according to the
error.

Update weights and thresholds: The gradient descent algorithm or its variants (such as momentum,
Adam, etc.) is used to update the weights and thresholds of the neural network, so that the errors are
gradually reduced and the prediction ability of the network is gradually enhanced.

The structure of BP neural network

A typical BP neural network consists of the following parts:
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1. Input layer: The number of neurons in the input layer is equal to the characteristic data dimension d,
which is used to receive external input data.

2. Hidden layer: The number of neurons in the hidden layer can be adjusted according to specific
problems, and the data is often processed by nonlinear activation functions (such as RelU, sigmoid,
tanh).

3. Output layer: The number of neurons in the output layer is equal to the label data dimension |, and
the prediction result is output.

Because BP neural networks and other deep learning models can handle complex nonlinear
relationships and high-dimensional data, they are widely used in financial markets. For example, deep
learning models can be used in stock price forecasting, market risk management, portfolio optimization,
and more. Through deep learning models, hidden patterns and trends in financial markets can be better
captured, improving the accuracy and reliability of forecasts.

3.2 Recurrent neural network (RNN)
1. Overview of recurrent neural networks

The output of a traditional neural network depends only on the input at the current moment, so it
cannot effectively predict data that changes over time. Recurrent Neural networks (RNN), on the other
hand, introduce the concepts of timing and directional loops so that their output is determined by the
output of the previous moment and the input of the current moment so as to explain better the
influence of the previous state on the subsequent state.

RNN originated from the Hopfield neural network, which includes recursive computation and external
memory, which was proposed by American scholar John Hopfield in 1982. Because of its combined
storage ability, RNN is increasingly used by experts and scholars as a common deep neural network
model, which is widely used in language recognition, time series prediction, text classification, and other
fields.

2. RNN network structure

In an RNN network, the input of each time step is passed from the previous time step to the following
time step, and each time step represents a layer. The features that the RNN network learns at each step
are shared in all time steps, which means that the recurrent neural network computes the weight of the
same position repeatedly at different moments.

hy = f(Whhht—1 + Wanze + br)

3. Long Short-term Memory Network (LSTM)

Although RNN can process time series data, the time steps involved in the backpropagation process will
remember all the previous sequences, which leads to the problem of gradient explosion and gradient
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disappearance in the huge order of magnitude of RNN operations, making it difficult to learn long-term
dependencies.

In order to solve this problem, Sepp Hochreiter proposed an improved model based on the RNN - Long
Short-Term Memory (LSTM) neural network in 1997. The LSTM model controls the flow of data by
introducing a memory storage unit and three logic gating units.

The basic units of LSTM include:
Memory storage unit (Cell State): Used to store meaningful states for a long time.

Three logical gating units: input gate, forget gate, and output gate. These gating units retain or forget
information through function operations to control the flow of data.

ft = o(Wy - [hi—1, 4] + by)

it = (Wi - [he1, ) + b;)

C; = tanh(We - [hi—1, 4] + be)

Cy = fi % Ci_1 + iy % Gy

o = U(Wo : [ht—h wt] + bO)

hi = oy * tanh(C}) (2)

3.4 Application of deep learning model in financial data prediction
1. Stock price prediction

Deep learning models have been widely used in stock price prediction. By using advanced deep learning
techniques such as long-term memory networks (LSTM), researchers are able to capture long-term
dependencies in stock prices. For example, the Google DeepMind team used the LSTM network model
to predict stock price movements and achieved remarkable results. The model not only takes into
account historical price data but also combines external factors such as market news and financial
reporting, greatly improving the accuracy and reliability of the forecast.

2. Market risk management

The volatility and complexity of financial markets make risk management extremely challenging. Deep
learning models, particularly convolutional neural networks (CNNS), have demonstrated remarkable
ability in processing time series data from financial markets. By using the CNN model to analyze market
data and derivatives trading data, the research team of JPMorgan Chase realized early warning of
market fluctuations by identifying potential market risk signals, thus helping investors and institutions to
avoid risks better and optimize investment strategies.

3. Portfolio optimization

Deep learning models also play an important role in portfolio optimization. Using Reinforcement
Learning algorithms, investors can simulate different investment strategies and find the optimal asset
allocation scheme. BlackRock, for example, uses a deep reinforcement learning model to manage its
huge portfolio, and through continuous learning and optimization, the model is able to dynamically
adjust asset allocation, improve investment returns and reduce risk. This application significantly
improves the level of intelligence of investment decisions and brings revolutionary changes to the asset
management industry.
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4. Conclusion

In conclusion, the application of deep learning in financial data prediction represents a significant
advancement over traditional time series models such as ARIMA, ARMA, and AR. Deep learning models,
particularly LSTM networks, have demonstrated superior capability in capturing complex nonlinear
relationships and handling high-dimensional, noisy financial data. By leveraging their ability to learn
from historical data while adapting to changing market conditions, these models offer a robust
framework for enhancing the accuracy and reliability of financial predictions. The examples discussed,
including stock price forecasting, market risk management, and portfolio optimization, illustrate the
transformative potential of deep learning in revolutionizing how financial markets are analyzed and
strategized. Moving forward, further research into optimizing deep learning architectures, integrating
alternative data sources, and enhancing interpretability will continue to push the boundaries of financial
market analysis, offering new insights and tools for investors and financial institutions alike.

Looking ahead, the future of deep learning in financial data prediction appears promising yet
challenging. As the volume and complexity of financial data continue to grow, there is a pressing need to
refine existing models and develop new techniques that can address evolving market dynamics. One
promising avenue is the integration of reinforcement learning algorithms to optimize portfolio
management strategies dynamically. Additionally, advancements in natural language processing (NLP)
and sentiment analysis could enhance the predictive power of models by incorporating qualitative data
from news sources and social media. Moreover, the application of deep learning in detecting market
anomalies and irregularities holds potential for early risk detection and mitigation. As research and
development in Al-driven financial analysis accelerate, collaborations between academia, industry, and
regulatory bodies will be essential to ensure ethical and responsible deployment of these technologies.
Ultimately, by harnessing the full potential of deep learning, the financial industry stands to benefit from
improved decision-making, reduced risks, and enhanced market efficiency in the years to come.
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