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Abstract. With the rapid development of the economy, enterprises are facing increasingly significant
financial risks, making accurate financial risk prediction a crucial issue in corporate management.
Therefore, the study of financial risk prediction models based on big data analysis technology is
particularly necessary. This paper examines the critical role of financial risk prediction in
contemporary enterprise management, particularly in the context of big data analysis technology. As
companies face various financial risks, including liquidity, credit, and market risks, accurate
prediction models become essential for informed decision-making and strategic planning. The study
highlights the significance of both internal factors, such as operational management capability, and
external factors, including macroeconomic conditions and industry characteristics, in influencing
financial risk. It explores the application of machine learning and deep learning techniques, such as
Decision Trees (DT) Long Short-Term Memory networks (LSTM), in developing robust financial risk
prediction models. Despite the advancements in these technologies, the paper identifies existing
limitations, including model complexity, interpretability issues, and adaptability to changing market
conditions. Future research directions are proposed, emphasizing the need for enhanced model
transparency, methodological diversification, and comprehensive macroeconomic analysis.
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1. Introduction

In the modern economic environment, enterprises face various financial risks, including liquidity
risk, credit risk, and market risk. These risks can severely impact the financial health of a company
and may pose threats to its continuous operation and long-term development. With the intensifying
global market competition and fluctuations in economic conditions, it is increasingly important to
find effective methods to identify and manage these financial risks. Enterprises need to conduct
precise predictions of potential financial risks to formulate timely response strategies, thereby
reducing the losses brought about by these risks [1, 2].

The importance of financial risk prediction cannot be underestimated. Accurate risk prediction can
help enterprises optimize their financial decisions from multiple perspectives. First, by identifying
potential financial crises, business leaders can communicate transparently with stakeholders,
enhancing trust. Second, financial risk prediction provides data support for corporate asset allocation
and investment decisions, enabling companies to maintain competitiveness in a constantly changing
market environment. Moreover, the ability to predict financial risks in a timely manner can improve
an enterprise's crisis response capabilities and reduce unnecessary operational losses. Therefore,
establishing an efficient financial risk prediction model has become a critical task in contemporary
enterprise management [3, 4].

Against this backdrop, financial risk prediction models based on big data analysis technology have
emerged. Big data technology, by collecting and analyzing vast amounts of financial data, market
data, and other relevant information, can identify and predict financial risks more comprehensively
and accurately [5, 6]. Compared to traditional financial forecasting methods, big data analysis offers
significant advantages in data processing capabilities, analytical depth, and real-time monitoring.
Consequently, this paper will focus on constructing financial risk prediction models for enterprises
based on big data analysis technology, exploring their potential and effectiveness in practical
applications. This study will adopt a multi-faceted approach. First, this paper will analyze the internal
and external factors influencing financial risk, including operational management capability, financial
structure, macroeconomic conditions, and industry characteristics. Next, this paper will discuss data
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processing methods for both structured and unstructured data, which serve as a foundation for
building robust risk prediction models.

This paper will delve into various machine learning and deep learning algorithms, highlighting
their applications in financial risk prediction and the evaluation metrics used to assess their
performance. This research helps enhance enterprises' financial risk prediction capabilities, providing
support for more effective risk management and decision-making.

2. Influencing Factors of Financial Risk

2.1. Internal Factors

The operational management capability of a company directly affects its financial risk. An efficient
management team can reduce financial risks through scientific decision-making and reasonable
resource allocation. For example, effective cash flow management helps ensure the company’s
liquidity by timely collecting accounts receivable, effectively controlling inventory, and optimizing
credit strategies, thereby decreasing liquidity risk. Conversely, a lack of effective management can
lead to resource waste and financial information opacity, increasing financial risks.

Another example of how operational management capability influences financial risk is project
management efficiency. A company that excels in managing its projects can significantly mitigate
financial risks associated with cost overruns and delays. For instance, if a company implements robust
project management practices, it can accurately estimate project costs, allocate budgets effectively,
and monitor progress in real-time. This proactive approach allows the company to identify potential
issues early, such as resource shortages or unexpected expenses, and address them before they
escalate into larger financial problems.

2.2. External Factors

The macroeconomic environment and industry characteristics are critical factors influencing a
company's financial risk. Changes in the macroeconomic environment, such as economic slowdowns,
rising inflation, and fluctuating interest rates, can significantly impact a company's income and
expenses. For instance, during an economic recession, decreased consumer demand can lead to
reduced sales and increased financial pressure. Additionally, rising interest rates can elevate
borrowing costs, adversely affecting a company's financing capabilities and overall financial
condition. On the other hand, the industry environment also plays a vital role, as different industries
exhibit varying financial risk profiles. High-tech industries, characterized by intense competition and
rapid product innovation, face higher market risks compared to mature industries like public utilities,
which typically experience smaller fluctuations and lower financial risks. Therefore, organizations
must develop tailored risk management strategies that align with the specific characteristics of their
industry and the prevailing market conditions.

3. Financial Risk Prediction Methods

3.1. Machine Learning-Based Methods

Machine learning is a technique that identifies patterns and predicts future outcomes by analyzing
data and training models. In financial risk prediction, machine learning methods analyze historical
financial data and related variables to build models that can predict potential financial risks. Below
are several commonly used machine learning methods and their applications in financial risk
prediction. Such as Decision Tree (DT). DT is intuitive and easy-to-interpret algorithms that are
particularly suitable for classification and regression tasks. In financial risk prediction, decision trees
can construct classification models based on a company's financial indicators (such as current ratio,
debt-to-equity ratio, etc.) and other economic factors (such as market interest rates, industry growth
rates, etc.).
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DT is intuitive and easy-to-interpret algorithms that are particularly suitable for classification and
regression tasks. Liao et al [7] stated that the development of a financial analysis system is crucial for
modern businesses, especially in the context of the global financial crisis, to enhance management
and mitigate risks. Data mining (DM) techniques, particularly the decision tree algorithm, can
effectively identify hidden patterns in data without requiring complex mathematical theories. This
study aims to create a decision tree-based model for analyzing financial risks and providing early
warnings for enterprises, focusing on the factors influencing financial stability. The introduction
highlights the need for businesses to not only strive for success but also to prevent failure, as many
crises arise from a lack of foresight and poor internal management. A robust financial analysis system
can help detect potential crises early, allowing companies to take preventive measures and protect
stakeholders' interests. To improve the early warning capability of enterprise finance, Hong et al [8]
have proposed an algorithm based on decision trees. Addressing the shortcomings of classical
algorithms and traditional decision tree algorithms, the researchers found that after dimensionality
reduction using Principal Component Analysis (PCA) in the ordinary decision tree improvement
algorithm, the representativeness of the data is low, resulting in only slight improvements in accuracy
after multiple runs of the algorithm. Based on the classical algorithm, the researchers extracted
attribute feature values twice before classification and calculated the amount of data to be classified,
thereby selecting the most important attributes from the original data. After establishing the subtree,
the researchers performed dimensionality reduction and merging selection on the data, and validated
the improved algorithm using three datasets from the UCI database. The results showed that the
average accuracy across the three datasets was 94.6%, which is an improvement of 1.6% and 0.6%
over the traditional classical algorithm and the ordinary PCA decision tree optimization algorithm,
respectively. The PCA-based decision tree algorithm improves the accuracy of the results to some
extent, which is of practical significance. In the future, the researchers will use the improved classical
algorithm for secondary modeling to obtain a more efficient decision tree model. The decision tree
algorithm has been proven to recognize early warnings of financial risks in enterprises, thereby
enhancing the effectiveness of early financial warnings for enterprises. This paper highlights the
numerous assumptions required for assessing financial risk, which often limits the analysis to
financial data alone. Historically, many early warning models for financial crises have failed to
effectively track fluctuations and trends in financial indicators. To address this issue, a decision tree
algorithm model is proposed as a method for early warning of financial risks. Enterprises have faced
significant challenges due to financial crises, with some even declaring bankruptcy. However, it is
important to note that financial crises typically follow a gradual and deteriorating trajectory.
Therefore, monitoring and tracking a company's financial operations is crucial for identifying early
warning signs of a financial crisis, allowing for timely and effective measures to mitigate business
risks. Tong et al [9] claimed a financial early warning system that utilizes the decision tree algorithm
within the context of big data to predict financial operations. By implementing this system, operators
can take proactive measures to enhance their enterprise's performance and prevent the onset of a
financial crisis in its early stages. This approach aims to minimize losses by detecting the initial signs
of a financial crisis before they escalate. Additionally, banks and other financial institutions can
leverage these predictions to inform their loan decisions and monitor their lending activities. Relevant
businesses can utilize these signals to make informed credit decisions and manage accounts receivable
effectively. Certified Public Accountants (CPAS) can also use this early warning information to refine
their audit procedures, evaluate the enterprise's future prospects, and mitigate audit risks.
Consequently, modern enterprise management should be guided by the principle of steady operation,
emphasizing the importance of preparing emergency plans in advance of potential business risks or
financial crises to effectively address and reduce financial risks.

3.2. Deep Learning-Based Methods

Deep learning is a branch of machine learning that excels in situations with large-scale and highly
complex data. In the field of financial risk prediction, deep learning methods employ multi-layer
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neural networks to automatically learn features and patterns, enabling models to handle complex
nonlinear relationships. Below are several common deep learning methods and their applications in
financial risk prediction.

Long Short-Term Memory networks (LSTM) is a special type of recurrent neural network (RNN)
particularly suited for processing time-series data. In financial risk prediction, LSTM can leverage
historical financial data and market data to capture time-dependent relationships. Sunny et al [10]
stated that stock price forecasting has attracted a lot of attention in the financial field. Stock price
forecasting is critical to shareholder growth and can increase speculators' interest in investing in
companies. Successfully predicting the future price of a stock can yield significant returns. Over the
past few years, several methods have been used to predict stock trends. This study proposes a hew
framework for stock price prediction, utilizing two popular models: RNN models, namely LSTM
models and two-way long short-term memory (BI-LSTM) models. Simulation results show that using
these RNIN models (LSTM and BI-LSTM) and making appropriate hyperparameter adjustments, that
proposed scheme can predict future stock trends with high accuracy. By varying the number of
training rounds, the different units used in the hidden layer, the dense layer, and the hidden layer, the
root mean square error (RMSE) of the LSTM and the BI-LSTM models were measured to find a
better model to accurately predict future stock prices. The evaluation is performed by utilizing a free
stock market data set containing the opening, high, low and closing prices.

4. Risk Existing Limitations and Future Directions

In the field of financial risk prediction, although the application of advanced technologies such as
machine learning and deep learning is becoming increasingly widespread, there are still several
limitations that may affect the effectiveness of models and the capacity of enterprises to manage risks.
This discussion will explore existing limitations from the perspectives of models, methods,
macroeconomic environment, and risk prediction awareness, and propose future development
directions.

4.1. Limitations of Models

Many advanced financial risk prediction models, such as deep learning models, possess powerful
predictive capabilities. However, their complexity often makes these models difficult to interpret.
This lack of transparency results in management facing difficulties in understanding the basis of
predictions, thereby limiting their widespread application. When faced with complex financial
decisions, companies often require clear explanations and justifications to make informed choices.
Therefore, future research should focus on enhancing the interpretability of models by adopting
Explainable Artificial Intelligence techniques so that management can comprehend the decision-
making process of the models. Paradigms underlying this problem fall within the so-called
eXplainable Al field, which is widely acknowledged as a crucial feature for the practical deployment
of Al models. Overfitting is a fundamental issue in supervised machine learning which prevents us
from perfectly generalizing the models to well fit observed data on training data, as well as unseen
data on testing set. During the training process, especially when using a large number of features,
models may encounter overfitting, wherein the model performs well on training data but fails to
generalize effectively to actual applications. This limitation needs to be addressed through
regularization techniques and cross-validation methods. Future research could explore more effective
regularization approaches and model selection strategies to improve the generalization capabilities of
predictive models.

4.2. Limitations of Methods

Existing financial risk prediction methods often focus on the application of single models or
specific datasets, lacking a comprehensive and systematic methodology. This limitation may lead to
a partial understanding of financial risks, affecting the overall quality of decision-making. Future
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research should promote the diversification of financial risk prediction methodologies, combining
various models and techniques - such as integrating machine learning, deep learning, and traditional
economic models - to improve prediction accuracy and practicality.

As market environments change, the characteristics of financial risks also evolve. Current models
may not adapt promptly to new market conditions, resulting in distorted predictions. Therefore, future
research should focus on developing dynamic updating mechanisms for models to ensure that they
can adjust based on the latest data and market changes.

4.3. Limitations of the Macroeconomic Environment

Changes in the macroeconomic environment significantly impact financial risk for enterprises.
Economic downturns, policy changes, and fluctuations in market demand can all increase financial
risk. However, existing prediction models often struggle to sufficiently account for the influences of
these macro factors. Future research should enhance the analysis of macroeconomic factors by
combining economic theories with data analysis to construct more comprehensive risk prediction
models.

Government policies and legal regulations directly affect the operating environment for companies
and their financial risks. Uncertainties in policies may place pressure on enterprises regarding costs
and profits. Therefore, companies need to monitor changes in the policy environment and adjust their
strategies promptly to reduce legal and policy risks. Future research could explore how to incorporate
policy analysis into financial risk prediction models to enhance their adaptability and accuracy.

5. Summary

This paper explores the importance and feasibility of constructing financial risk prediction models
for enterprises based on big data analysis technology. With the rapid development of the economy,
companies are facing increasingly significant financial risks, making accurate financial risk
prediction a core issue in corporate management. Through a multi-faceted analysis, this paper
summarizes the internal and external factors influencing financial risk, discusses the application of
advanced technologies such as machine learning and deep learning in financial risk prediction, and
highlights the benefits and challenges these technologies bring. However, significant limitations still
exist in the field of financial risk prediction, including the complexity of existing models and their
lack of interpretability, as well as the adaptability of models in a rapidly changing macroeconomic
environment. Future research should focus on enhancing the interpretability and flexibility of models,
promoting methodological diversification, and strengthening the analysis of macroeconomic factors.
Through these efforts, companies will be better equipped to identify and manage financial risks,
ultimately enhancing their competitiveness in an increasingly complex economic environment and
promoting sustainable development.
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