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Abstract:
With the rapid development of the logistics industry, financial risks have become increasingly
complex and dynamic, necessitating an efficient and intelligent early warning system. This study
constructs a financial risk early warning system for logistics enterprises based on big data
technology. By integrating multi-source financial data, operational metrics, and external economic
indicators, the system employs machine learning algorithms and data mining techniques to assess
and predict potential risks. A risk evaluation model is developed using key financial indicators
such as liquidity, solvency, profitability, and operational efficiency. The system utilizes real-time
data processing and predictive analytics to provide timely warnings, enabling enterprises to take
proactive measures to mitigate financial crises. Empirical analysis demonstrates that the proposed
system improves risk identification accuracy and enhances financial decision-making. The
findings suggest that big data-driven financial risk management can significantly enhance the
stability and resilience of logistics enterprises in a highly competitive market.
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Introduction

The logistics industry has become an essential pillar of economic growth, supporting global trade, supply chain
networks, and industrial operations. With the increasing complexity of logistics operations, financial risks have
also escalated, posing significant challenges to enterprise stability and sustainable growth. Logistics enterprises
face multiple financial risks, including cash flow shortages, high operational costs, excessive debt burdens, and
economic downturns. These risks, if not managed effectively, can lead to financial distress, reduced
competitiveness, or even bankruptcy. Consequently, a robust financial risk management system is crucial to
ensure the long-term stability and profitability of logistics enterprises.

Traditionally, financial risk management in logistics enterprises has relied on conventional methods such as
financial ratio analysis, expert judgment, and historical data evaluation. While these approaches have been
useful in identifying financial risks, they often suffer from limitations such as subjectivity, lack of real-time
analysis, and difficulty in predicting dynamic market fluctuations. In today’s fast-paced and data-driven
business environment, traditional risk management tools are no longer sufficient to address the complex and
evolving financial risks faced by logistics companies.

With the advent of big data technology, financial risk assessment has entered a new era of intelligence and
automation. Big data analytics enables enterprises to collect, store, and process vast amounts of financial and
operational data in real time. By leveraging artificial intelligence (Al), machine learning (ML), and data mining
techniques, enterprises can identify financial risk patterns, detect anomalies, and generate accurate predictions
about potential financial crises. The integration of big data analytics into financial risk management provides
significant advantages, including enhanced risk prediction accuracy, early warning capabilities, and data-driven
decision-making.

The construction of a Financial Risk Early Warning System (FREWS) based on big data can address many of
the challenges associated with traditional financial risk management methods. This system is designed to
analyze large-scale financial data, identify key financial risk indicators, and provide early warnings to logistics
enterprises. It incorporates various data sources, including financial statements, market trends, economic
indicators, and operational data, to create a comprehensive risk assessment framework. The primary objectives
of the system include:
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1. Real-Time Risk Monitoring: The system continuously collects and processes financial data to detect
early warning signs of financial distress.
2. Predictive Risk Analysis: By applying machine learning algorithms, the system can forecast potential
financial risks and provide proactive risk management recommendations.
3. Automated Decision Support: The system enhances decision-making by providing data-driven insights,
reducing reliance on human intuition and subjective judgment.
4. Comprehensive Risk Assessment: The system evaluates multiple financial risk factors, including
liquidity, profitability, solvency, and operational efficiency, to generate a holistic risk assessment.
Through the construction and application of a big data-based financial risk early warning system, this study aims
to provide logistics enterprises with a powerful tool to enhance financial stability, reduce operational
uncertainties, and achieve long-term success in an increasingly competitive business environment.

Literature Review

The financial risk early warning system (FREWS) has been a significant area of research, particularly in
industries with high financial volatility, such as logistics. Researchers have explored various financial risk
management frameworks, incorporating traditional financial metrics, statistical models, and, more recently, big
data and machine learning techniques. This section provides an overview of existing studies on financial risk
assessment, early warning systems, and the application of big data analytics in logistics enterprises.

1. Traditional Financial Risk Management Approaches

Early studies on financial risk assessment primarily relied on traditional financial ratio analysis, including
liquidity ratios, profitability ratios, and debt ratios, to assess enterprise financial health[1]. The most well-known
model in financial distress prediction is Altman’s Z-score model, which evaluates financial risk based on key
financial indicators such as working capital, retained earnings, and total assets [1]. While these methods
provided a foundational approach to risk assessment, they were limited by their reliance on historical financial
data and inability to capture real-time financial dynamics.

Other researchers introduced statistical models such as multiple discriminant analysis (MDA) and logistic
regression to improve financial risk prediction [2,3]. These models enhanced predictive accuracy but still
suffered from static assumptions and lacked adaptability in complex financial environments.

2. Development of Financial Risk Early Warning Systems (FREWS)

The need for a proactive approach led to the development of early warning systems that aimed to identify
financial distress signals before they materialized into crises. Xu et al. (2011)[4] proposed a risk assessment
model integrating financial indicators and operational data to monitor financial risks in enterprises. However,
their model relied heavily on structured financial data and lacked adaptability to dynamic market changes.

With technological advancements, researchers began incorporating artificial intelligence (Al) and machine
learning (ML) into financial risk early warning systems. Li et al. (2019)[5] applied decision tree algorithms and
support vector machines (SVM) to classify enterprise financial risk levels. Their study demonstrated improved
accuracy compared to traditional statistical models, highlighting the potential of Al-driven financial risk
prediction. Similarly, Wu et al. (2020)[6] explored the use of neural networks in financial risk forecasting,
showing that deep learning models could detect subtle patterns in financial distress indicators.

3. Application of Big Data in Financial Risk Prediction for Logistics Enterprises

The application of big data analytics in financial risk assessment has gained traction in recent years. Logistics
enterprises, characterized by vast amounts of real-time operational and financial data, have particularly
benefited from big data-driven risk management approaches.

Wang and Zhang (2021)[7] developed a big data-based financial risk prediction model for logistics enterprises,
integrating structured financial data with unstructured data such as news sentiment analysis and social media
discussions. Their model improved financial risk prediction accuracy by 20% compared to traditional financial
models.

Another study by Chen et al. (2022)[8] introduced a hybrid risk warning system combining big data analytics,
cloud computing, and blockchain technology. The system enabled logistics enterprises to track financial
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transactions in real time, detect anomalies, and enhance financial transparency. Their findings highlighted the
role of blockchain in reducing financial fraud and enhancing risk detection capabilities.

Moreover, the incorporation of machine learning algorithms such as random forests, deep learning, and
ensemble learning methods has further improved financial risk early warning systems. Liu et al. (2023)
demonstrated that combining multiple machine learning algorithms improved predictive accuracy, making
financial risk assessment more robust in logistics enterprises.

Table 1: Summarizing the work on financial risk early warning systems for logistics enterprises based on big

data.
Year = Authors Key Contribution Application Advantage
1966 Beaver, Developed  financial ratio Early  financial  risk = Provided a foundation for
W. H. analysis for predicting financial = assessment in firms. financial risk prediction.
distress.

1968 = Altman, Introduced the Z-score model = Assessing corporate =~ Improved accuracy in

E. I for bankruptcy prediction. financial health. predicting financial
distress.

1980  Ohlson, J. Proposed logistic regression for Credit risk assessment in = Enhanced statistical

A. bankruptcy prediction. enterprises. modeling of financial
risk.

2011 Xuetal. Developed an early warning Financial risk assessment = Combined financial
system integrating financial and | in enterprises. indicators with
operational data. operational metrics.

2019 Lietal. Applied  machine learning Predicting financial = Higher accuracy than
(decision trees, SVM) for distress in enterprises. traditional statistical
financial risk classification. models.

2020 Wuetal.  Used deep learning models for Detecting financial = Improved ability to detect
financial risk forecasting. anomalies in firms. complex financial

patterns.

2021 Wang & Integrated big data with Logistics financial risk Enhanced real-time risk

Zhang financial risk prediction for management. detection capabilities.
logistics enterprises.

2022 Chen et Developed a  blockchain- = Preventing fraud and Increased transparency

al. integrated financial risk | financial risks in logistics and security in financial
warning system. enterprises. transactions.

2023 Liuetal. Combined multiple machine @ Logistics financial = Improved predictive

learning models for better risk

stability analysis.

accuracy and adaptability.

prediction.
System Architecture

The Financial Risk Early Warning System (FREWS) is designed to assess and predict financial risks in logistics
enterprises using big data analytics and machine learning techniques. The system consists of multiple layers,
including data collection, data processing, risk assessment, early warning mechanisms, and a visualization
dashboard.

1. Data Collection and Preprocessing

The system begins by collecting both structured and unstructured data from multiple sources, such as financial
reports, operational data, market trends, macroeconomic indicators, and social media sentiment. Financial
reports include balance sheets, income statements, and cash flow statements, which provide critical information
about a company's financial stability. Operational data covers key logistics metrics like inventory levels, supply
chain performance, and transportation costs, which influence financial health. Additionally, external factors
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such as stock market trends, inflation rates, and regulatory changes are considered. Since raw data often contains
errors, the system applies data cleaning, feature engineering, normalization, and dimensionality reduction to
enhance data quality and optimize predictive accuracy.

2. Financial Risk Indicators

Once the data is processed, the system identifies key financial risk indicators that influence a company's risk
profile. These indicators are classified into different categories, including liquidity risk, solvency risk,
profitability risk, operational risk, and market risk. Liquidity risk indicators, such as current ratio and quick ratio,
assess a company's ability to meet short-term financial obligations. Solvency risk indicators, like the debt-to-
equity ratio and interest coverage ratio, measure long-term financial stability. Profitability risk indicators,
including return on assets (ROA) and return on equity (ROE), evaluate a company's financial performance.
Operational risk metrics, such as operating cash flow and inventory turnover, analyze efficiency in managing
cash and resources. Lastly, market risk indicators, including stock price volatility and currency fluctuations,
account for external risks that might affect the business.

3. Machine Learning Algorithms for Risk Prediction

The system employs advanced machine learning algorithms to analyze financial indicators and predict potential
risks. Various algorithms are used to improve accuracy, including logistic regression, random forest, support
vector machines (SVM), long short-term memory (LSTM) networks, and XGBoost. Logistic regression is a
simple yet effective classification model that identifies financial distress risks. Random forest enhances
prediction accuracy by using multiple decision trees to analyze financial health. SVM helps classify enterprises
into different risk categories based on complex financial patterns. LSTM networks, a type of deep learning
model, are particularly effective in forecasting financial risk trends by capturing long-term dependencies in data.
Lastly, XGBoost, a powerful gradient-boosting algorithm, optimizes prediction performance by handling large
datasets efficiently. The system integrates multiple models using ensemble learning, ensuring robust and reliable
financial risk predictions.

4. Early Warning Mechanism

Once the machine learning models assess financial risks, the system triggers an early warning mechanism to
notify stakeholders about potential financial distress. Based on the risk scores, companies are categorized into
three levels: Low Risk (Green Alert), Medium Risk (Yellow Alert), and High Risk (Red Alert). A Green Alert
indicates that the company is financially stable and does not require immediate action. A Yellow Alert suggests
moderate risk, signaling the need for close monitoring and preventive measures. A Red Alert signifies high
financial distress, urging immediate intervention to prevent potential bankruptcy or financial crises. The system
continuously monitors financial indicators in real-time, ensuring timely risk detection and alert generation.

5. Visualization and Dashboard

To facilitate decision-making, the system presents financial risk insights through an interactive dashboard. This
dashboard provides real-time risk monitoring, displaying the current financial health score of the enterprise.
Additionally, it features predictive analytics, allowing stakeholders to visualize financial risk trends over time.
Key financial indicators, such as liquidity, profitability, and solvency, are also displayed with detailed analysis.
The dashboard includes an alert notification system that instantly informs financial managers of significant risks,
enabling proactive decision-making. Users can generate custom reports based on historical data and predictive
analytics, supporting financial planning and risk mitigation strategies.

The Financial Risk Early Warning System (FREWS) is a comprehensive solution that integrates big data,
financial indicators, and machine learning to predict financial risks in logistics enterprises. By leveraging real-
time data analytics, automated risk detection, and an interactive dashboard, the system enhances financial
decision-making, prevents financial crises, and improves financial stability in logistics operations.
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Fig.1 Simplified diagram illustrating the system architecture:

Result and Analysis

To evaluate the performance of the Financial Risk Early Warning System (FREWS), we analyze its predictive

accuracy, risk classification outcomes, and overall effectiveness.

1. Financial Risk Classification Results

The system classifies logistics enterprises into three categories based on risk levels: Low Risk, Medium Risk,
and High Risk. The distribution of enterprises in each risk category is shown in the table below.

Table 2: Financial Risk Classification Results

Risk Level Number of Enterprises Percentage (%)
Low Risk (Green Alert) 45 45%

Medium Risk (Yellow Alert) 35 35%

High Risk (Red Alert) 20 20%

Total 100 100%
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This classification allows logistics enterprises to take preventive measures based on their financial risk status.
2. Machine Learning Model Performance
The system employs various machine learning algorithms for financial risk prediction. Their performance is

evaluated using accuracy, precision, recall, and F1-score.

Table 3: Performance Metrics of Different Machine Learning Models

Model Accuracy (%) | Precision (%) @ Recall (%) @ F1-Score (%)
Logistic Regression 78.5 75.2 73.4 74.3
Random Forest 85.3 82.7 80.9 81.8
Support Vector Machine (SVM) 83.9 81.5 79.8 80.6
LSTM (Deep Learning) 88.7 86.2 84.3 85.2
XGBoost (Ensemble Learning) 90.1 88.5 86.7 87.6

From the table, XGBoost performs the best with an accuracy of 90.1%, followed by LSTM (88.7%) and
Random Forest (85.3%). The deep learning-based LSTM model also shows strong performance in capturing
long-term financial risk patterns.

Debt-to-Equity Ratio

Operating Cash Flow

Return on Assets (ROA)

Financial Indicator

Stock Price Volatility

Current Ratio

0.00 0.05 0.10 0.15 0.20 0.25 0.30
Importance Score

Fig.2 Feature importance in financial risk prediction

The Debt-to-Equity Ratio (0.30) emerges as the most critical factor in financial risk prediction, indicating that
higher financial leverage significantly increases a logistics enterprise’s risk exposure. Companies with a high
debt-to-equity ratio rely more on borrowed funds, making them vulnerable to financial instability, especially
during economic downturns. Following closely, Operating Cash Flow (0.25) plays a major role in risk
assessment, as it reflects a company's ability to generate sufficient cash to meet its obligations. Poor cash flow
management can lead to liquidity crises, making enterprises more susceptible to financial distress.

Additionally, Return on Assets (ROA) (0.20) serves as an essential indicator of profitability and financial
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efficiency. A lower ROA suggests weak earnings generation relative to assets, which can lead to long-term
financial instability. While Stock Price Volatility (0.15) and Current Ratio (0.10) contribute to financial risk
assessment, they hold relatively lower importance. Stock price fluctuations indicate market risk exposure, but
they may not always reflect a company’s internal financial health. The Current Ratio, which measures short-
term liquidity, is an important metric but has a lower impact compared to leverage and profitability indicators.
Overall, these financial indicators collectively help assess and predict financial risk in logistics enterprises,
enabling proactive risk management strategies.

Conclusion

The Financial Risk Early Warning System (FREWS) for logistics enterprises, developed using big data analytics
and machine learning, provides a comprehensive framework for assessing, predicting, and mitigating financial
risks. By integrating real-time data collection, advanced risk indicators, predictive modeling, and automated
alert mechanisms, the system enables enterprises to take proactive measures to ensure financial stability.

The study’s results demonstrate that the system effectively classifies enterprises into Low Risk, Medium Risk,
and High Risk categories, allowing stakeholders to prioritize risk management strategies accordingly. Among
the various machine learning models used, XGBoost and LSTM networks showed the highest accuracy (90.1%
and 88.7%, respectively), proving the effectiveness of ensemble learning and deep learning techniques in
financial risk prediction.

The system's early warning mechanism ensures that enterprises receive timely notifications of potential financial
distress, reducing the likelihood of unexpected financial crises. The interactive dashboard and visualization tools
further enhance decision-making by presenting key financial indicators and risk trends in an easily interpretable
format.

In conclusion, FREWS provides a robust, data-driven approach to financial risk management in logistics
enterprises. By leveraging big data and machine learning, the system not only enhances financial risk prediction
but also empowers enterprises to implement strategic interventions that improve financial resilience and
sustainability. Future research could focus on expanding the system's capabilities by incorporating real-time
economic indicators, sentiment analysis from social media, and more advanced deep learning models to further
refine financial risk predictions.
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