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Abstract: In view of the rapid development of the digital economy, the risks of financial 

investment in the retail industry are becoming increasingly complex and dynamic. 

Traditional risk management methods are unable to cope with the challenges brought by 

multi-source heterogeneous data. This paper focuses on building a financial investment risk 

management system driven by big data, and systematically explores the practical 

application mechanism of big data technology in risk identification, assessment and early 

warning. By building a fusion data processing and risk prediction system, introducing 

machine learning algorithms to build a multidimensional model for the financial data, 

market dynamics and unstructured information of retail enterprises, and then conducting 

empirical analysis on a large retail group, the research results show that the big data system 

has effectively improved the accuracy and timeliness of risk identification. Compared with 

traditional methods, the early warning ability has increased by more than 30%, which has 

played a positive role in the steady development of the financial affairs of the retail industry. 

From a methodological perspective, this paper adds rich content to the risk management 

research system, and provides the industry with an operational technical path and decision 

support tools. 

1. Introduction 

With the deepening and acceleration of the digital transformation of the retail industry, 

enterprises do not rely solely on traditional commodity circulation and terminal sales models, but 

actively participate in multi-dimensional financial investment activities such as supply chain 

finance, joint investment, consumer finance and new retail technology. Based on the data in the 

"2023 China Retail Industry Financial Structure Analysis Report", more than 67% of large retail 

companies regard financial investment as the second largest source of profit, only slightly lower 
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than the main business income. The complex and changeable market environment, macroeconomic 

fluctuations and data lags have caused the financial investment risk management issues to become 

increasingly prominent. The traditional risk assessment method with static models as the core is 

difficult to meet the real-time and dynamic risk identification requirements, especially when the 

investment portfolio includes structured wealth management, private equity, and even virtual assets. 

Traditional financial indicators cannot fully reflect the potential risk situation. With the 

development of big data technology, enterprises have obtained new management tools. By adopting 

multi-source data fusion, real-time processing and deep learning algorithms, enterprises can identify 

abnormal signals earlier and predict the trend of risks, achieving the transformation from "after-the-

fact remediation" to "pre-emptive prevention". This article focuses on the research scenario of 

financial investment in the retail industry, and conducts in-depth discussions on the challenges 

encountered in risk management and the solutions of data-driven technology. The purpose is to 

build a forward-looking, dynamic and feasible data-driven risk management model to improve the 

adaptability and management level of retail enterprises in the face of complex financial 

environments. 

2. Challenges and deficiencies of investment risk management in the retail industry 

2.1. Analysis of financial investment characteristics and risk exposure in the retail industry 

In the process of transformation, retail enterprises have gradually built a "light asset + heavy 

investment" business model. Financial investment behavior shows the characteristics of short-term 

high frequency, asset diversification and decentralized investment. According to statistics from the 

China Chain Store Association, by the end of 2023, more than 74% of the top 100 retail enterprises 

in the country will participate in financial products, funds, bonds and mixed asset investments, with 

an average annual investment of more than 500 million yuan. Based on this established background, 

the areas of risk exposure involve risks in different dimensions such as liquidity, credit, market and 

operation. In 2022, a large supermarket group was unable to quickly realize assets to support supply 

chain payments in a liquidity event caused by the purchase of a municipal investment bond wealth 

management product, which ultimately affected the normal operation of the main business. Since 

investment in the retail industry is often constrained by industry cycles, consumer confidence and 

policy adjustments, the sensitivity of its investment decisions is much higher than that of the 

traditional manufacturing industry. What further complicates the situation is that most of the 

internal data systems of retail companies are based on ERP and POS architectures, and the update 

frequency of financial data is not high. There are obstacles to quantifying unstructured investment 

information such as contract terms, policy interpretations, and industry research reports, resulting in 

a lack of effective measures for early identification of risks, making it normal for passive response 

measures to be taken afterwards. 

2.2. Limitations of traditional risk management systems 

Traditional risk management systems mainly rely on manually compiled rules, static financial 

indicator systems, and regular audits and compliance assessments. Many retail companies still 

conduct quarterly or semi-annual financial risk scoring based on indicators such as ROA, return on 

net assets, and debt ratio. Based on the "fixed-point-quantitative" management method, it lags far 

behind the dynamic process of risk occurrence. Static models ignore the impact of external non-

structured variables such as macroeconomics, policy changes, and public opinion dynamics. 

Traditional models cannot achieve the goals of high-frequency data processing and real-time early 
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warning. When faced with sudden market black swan events such as epidemics and sudden 

regulatory policies, risk response is extremely delayed. Given that model rules rely heavily on the 

experience of experts and lack the ability to self-learn and self-evolve, they lack means to face new 

risks such as platform-based fund management and cross-border payment risks. The data integration 

capabilities of traditional systems are limited, and it is difficult to cope with heterogeneous data 

flows generated by external institutions such as banks, fund companies, and Internet platforms. Risk 

management is highly isolated and fragmented, which seriously hinders the long-term sustainability 

of the healthy financial development of enterprises. 

2.3. Potential adaptability of data-driven risk management 

Compared with traditional methods, data-driven risk management systems demonstrate better 

adaptability and predictive capabilities through multi-source data fusion, real-time computing, and 

intelligent algorithms. In the business scenario of retail enterprises, the big data management 

framework can integrate transaction records and financial statement data in the ERP system, and 

combine external financial market data, macroeconomic indicators, news and public opinion with 

social media dynamics to build a comprehensive and multi-dimensional risk perception system. By 

integrating the trend of daily fund net value changes, corporate cash flow fluctuations, and policy 

and regulatory interpretation information, the potential systemic risks of the investment portfolio 

can be identified in a timely manner. The data-driven model operates through continuous iteration 

of algorithm models (such as random forests, LSTM, etc.), which can efficiently match the 

nonlinear and dynamic characteristics of the financial market, and then conduct probability 

prediction and trend analysis of risks, and pre-start the early warning system. Data from pilot 

enterprises show that with the introduction of data-driven risk monitoring systems , the investment 

loss rate has dropped by almost 18%, and the investment approval cycle has been shortened by 32 

percentage points, greatly improving the company's risk management level and the speed of 

investment response. The data-driven approach is highly compatible with the investment business 

of retail enterprises at the mechanism level and is the core path for the transformation and 

upgrading of financial risk management in the future. 

3. The role of big data technology in risk identification and prediction 

3.1. The role of big data in identifying financial indicators and integrating unstructured data 

The core advantage of big data technology is the ability to process massive amounts of data and 

integrate heterogeneous data. In the field of retail enterprise financial investment management, 

structured data such as balance sheets, cash flow statements, and investment accounts can be 

regularly updated through data warehouses to establish linkages with internal financial indicator 

systems. Unstructured data such as contract PDFs, meeting minutes, financial reviews, and policy 

interpretations require the use of natural language processing (NLP) and optical character 

recognition (OCR) technologies to achieve semantic extraction and labeling management. Through 

text sentiment analysis models, negative sentiment tendencies in news related to investment targets 

can be identified, and then the trend of net value fluctuations can be captured with the help of 

quantitative analysis models, so that potential risks can be cross-checked. Based on big data 

platforms (such as Hadoop and Spark), high-frequency data such as daily trading data, real-time 

exchange rate fluctuations, and interest rate changes can be captured and processed in real time, 

which improves the depth of risk information coverage and the speed of response. Pilot data 

revealed that in the quarter since the deployment of the big data analysis platform, the average 
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recognition delay of enterprises for external information events was originally 5.2 days, but it has 

now been shortened to less than 12 hours, greatly improving the level of response to sudden market 

risks. 

3.2. Comparison and applicability analysis of algorithm models (such as random forest and 

LSTM) in risk feature extraction 

In the data-driven risk identification link, the accuracy and stability of risk prediction are directly 

determined by the choice of algorithm model. As far as retail enterprise financial investment is 

concerned, Random Forest, Long Short-Term Memory Network (LSTM), Support Vector Machine 

(SVM) and other common models are used. Random Forest, as a typical example of ensemble 

learning, has strong anti-interference and nonlinear mapping capabilities, and can deal with the 

static classification problems of medium and low dimensional features, just like making a 

preliminary rating of the return risk level of the investment portfolio. LSTM is more suitable for 

capturing long-term dependencies in time series data, such as the inflow and outflow trends of funds, 

the trajectory of fund net value fluctuations, and the evolution of public opinion. The experimental 

results of an e-commerce enterprise show that the fund flow prediction system constructed using the 

LSTM model has a RMSE error of about 42% lower than the traditional ARIMA model, which can 

more effectively predict the liquidity risk level in the next 5 days. In the task scope of multi-factor 

classification, the accuracy of random forest is better than SVM, and the training speed is 

significantly accelerated. It is suitable for deployment in high-frequency monitoring scenarios. In 

the actual deployment and implementation stage, the two-layer form of "initial screening + in-depth 

research" is often used: first use random forest to implement a preliminary risk screening process, 

and then use LSTM to carry out trend prediction and situation simulation for high-risk objects, so as 

to realize model division of labor and improve accuracy. 

3.3. Risk propagation path modeling based on multi-source data association 

Table 1: Comparative Effectiveness of Risk Models in Predicting Investment Loss 

Model 

Type 

RMSE 

Reduction 

(%) 

Accuracy 

(%) 

Early Warning 

Lead Time 

Suitable Scenario 

ARIMA — 68.3 <1 day Static trend modeling 

SVM 24.6 74.9 2–3 days Low-dimensional feature 

space 

Random 

Forest 

32.8 82.5 3–5 days High-frequency risk 

screening 

LSTM 42.1 89.6 5–7 days Time-series liquidity 

prediction 

Table 1 demonstrates that LSTM models significantly outperform traditional ARIMA in both 

RMSE and early warning. Random forest offers strong classification and screening performance. 

Their combined use enables effective trend prediction and real-time monitoring, providing a 

superior foundation for risk management in dynamic retail investment scenarios. 

Risks do not occur in isolation, but are transmitted to the internal enterprise system through the 

coupling relationship between different business modules, investment targets and the external 

economic environment to achieve systemic risk prevention and control. The core is to model the 
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risk transmission path, and to build a risk transmission model based on graph analysis and causal 

reasoning, organizing the internal financial nodes of the enterprise (such as accounts, projects, 

investment targets) and external variables such as interest rates, exchange rates, industry indexes, 

and policy events into a complex graph network. Using parameters such as node attributes, edge 

weights, and time windows to set, it can track the impact of a certain risk source event (such as 

bond default) on the enterprise's asset portfolio in real time, and can also identify key transmission 

nodes. In 2022, a retail group built a multi-source data-driven risk path analysis system, relying on 

GraphX for graph calculations, identifying a number of high-frequency risk paths, and also using 

risk breakpoints (such as automatic freezing of highly sensitive investments) to cut off the 

transmission link to achieve pre-control actions. After the system was officially launched, the 

company avoided two systematic drawdowns of its asset portfolio affected by macro interest rate 

fluctuations in the first quarter, eliminating potential losses of more than 20 million yuan. The 

model provides a structured solution strategy for risk monitoring problems in a high-dimensional, 

multi-source, and dynamic environment. It is particularly suitable for financial management 

situations such as the retail industry, which has a wide range of asset categories and is greatly 

affected by external factors. 

4. Intelligent Risk Control System Construction and Case Analysis 

4.1. Core architecture of retail enterprise risk control system under data-driven model 

Based on the research results of the models and algorithms mentioned above, this paper 

introduces a data-driven intelligent risk control system that fits the financial investment scenarios of 

retail enterprises. The system architecture is divided into four levels: data collection layer, 

processing and integration layer, modeling and analysis layer, and response and decision layer. The 

data collection layer connects the big data platform (such as Kafka, HDFS) with the ERP system, 

financial platform, and external data sources (including financial data service providers, news API, 

public opinion platform, etc.) through API and ETL tools, so as to achieve parallel access of 

structured and unstructured data. The processing layer uses Spark Streaming to achieve real-time 

cleaning and labeling, and builds a collection of standardized investment information databases and 

behavior logs. The modeling layer relies on the dual-engine model architecture of "risk scoring + 

trend prediction", uses LSTM and graph neural network (GNN) to carry out risk path analysis and 

event prediction activities, and outputs content composed of dynamic risk factor matrix and RRI 

(real-time risk index). With the help of the fusion rule engine, the response layer can be compatible 

with the existing information system of the enterprise. It has the outstanding advantages of 

modularity, distribution and real-time performance, and can be quickly deployed and horizontally 

extended in large and medium-sized retail groups. 

4.2. Case Analysis: Practical Exploration of the Intelligent Risk Control System of Enterprise 

H 

The leading domestic supermarket chain group is none other than H Enterprise, whose annual 

revenue is more than 30 billion yuan. In recent years, it has made frequent moves in short-term debt 

investment, supply chain funds and money market fund allocation, and its risk exposure has 

continued to expand. In 2022, the company made an error in the risk rating judgment of a fund 

product, resulting in a loss of 26 million yuan in funds. The management is determined to promote 

the pace of digital risk control transformation. After completing the cooperation with the third-party 

data platform, the company has built a "retail financial investment intelligent risk control platform", 
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which connects to 13 types of external data sources such as daily financial product net value 

updates, macro indicators (such as CPI, PPI), exchange rate data, and regulatory policy 

interpretation texts, and integrates with 8 types of local data such as internal transaction records, 

contract texts, and cash flow logs . The platform relies on Spark MLlib to carry out training of 

multi-model parallel evaluation systems. 

The system successfully identified five high-risk investment products. During the first quarter of 

2023, a credit event occurred in an investment, but because the system gave a medium-to-high-risk 

warning 28 days in advance, the company withdrew from investment activities in time and avoided 

potential losses of approximately 31 million yuan. The risk knowledge graph constructed by the 

system revealed that the fund had a high concentration of asset exposure and the manager had a 

history of default, verifying the model's ability to identify non-financial data. By deploying the 

system, Company H shortened the risk identification cycle from 10 days to real-time, and a 35% 

reduction in labor costs occurred in the risk control team, significantly improving management 

effectiveness and risk prevention and control capabilities. 

Table 2: Performance Changes After Deploying the Big Data Risk Control Platform (Enterprise H) 

Metric Before 

Deployment 

After 

Deployment 

Improvement 

(%) 

Risk Identification Cycle 10 days Real-time — 

Labor Cost in Risk Control 100% 

baseline 

65% -35 

Early Warning Accuracy 73.20% 93.70% 28 

Investment Loss Avoidance (Q1 

2023) 

N/A ¥31 million — 

Table 2 reveals that after implementing a big data-driven risk control platform, Enterprise H 

achieved real-time risk detection, a 28% rise in warning accuracy, and reduced labor costs by 35%. 

The early identification of high-risk products led to the avoidance of ¥31 million in losses, proving 

the system’s practical value. 

4.3. Key issues and optimization directions in system operation 

Even though the pilot system has shown significant results, it still encounters many obstacles in 

the promotion process. The key bottleneck of system stability is caused by data quality issues. Some 

investment terms documents have no standard format, the text structure has not formed a consistent 

pattern, and the OCR recognition error is at a high level, resulting in a decrease in the accuracy of 

model input. The update frequency of each data source is significantly different (for example, the 

net value of financial products is updated daily, and news texts are updated at the minute level). An 

appropriate synchronization mechanism should be set in the model design. The risk scoring model 

is extremely susceptible to historical sample bias, especially in extreme market conditions, such as 

the initial stage of the epidemic in 2020. Traditional training data cannot give an effective prior 

distribution. Federated learning, transfer learning and other measures should be adopted to enhance 

the model's ability to resist volatility. After the enterprise system is deployed, it is necessary to 

build a risk governance culture and IT coordination mechanism to ensure that the model results are 

truly implemented in the decision-making scenario, rather than creating a "technical island" 

situation. The future development direction of the risk control system should focus on improving 

the interpretability of the model, enhancing the adaptability of the scenario, and deeply integrating 
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with the business system, so as to achieve the practical empowerment of intelligent risk control for 

the business. 

5. Strategic recommendations and policy implications 

5.1. Implement digital governance and coordination mechanism reconstruction within retail 

enterprises 

In order to effectively implement the data-driven risk control system, retail enterprises should 

optimize the internal governance mechanism simultaneously, establish a unified data governance 

architecture, define data specifications, interface standards and cleaning mechanisms, break down 

the data barriers between the financial, risk control and IT departments, and create a "shared, 

controllable and traceable" data ecosystem. It is advisable to establish a "Chief Risk Data Officer" 

( CRDO ) position at the organizational level to specialize in data asset risk control value mining 

and model governance, strengthen the organization's response to model feedback, and build a 

closed-loop mechanism of "risk events-behavior feedback-model retraining" to achieve an upgrade 

trajectory from single-point risk identification to systematic learning evolution. Relying solely on 

technical support without organizational structure guarantees will cause the model to "operate 

alone", making it difficult to fundamentally improve the level of corporate risk governance. 

5.2. Policy implications of external regulatory coordination and data openness mechanisms 

From a macro perspective, when promoting the digitalization of corporate risk management, 

regulators should promote data standardization, model explainability and algorithm ethics 

transparency. At present, the risk control models adopted by most companies show "black box" 

characteristics, lacking clear and reasonable decision-making logic and auditable processes, which 

are potential risks in terms of investor rights protection, regulatory effect evaluation and legal 

responsibility definition. Regulatory policies must further strengthen the model review mechanism 

of big data risk control systems, create an "algorithm sandbox", implement a model filing system, 

and establish a risk control rating system to ensure that the enterprise data modeling process is legal, 

compliant, transparent and supervised. It should promote the construction of a "financial data 

middle platform" or "industry risk information sharing platform" to encourage banks, securities 

companies, funds and other institutions to open compliant risk information access ports to real 

enterprises, solve the problem of information asymmetry in enterprises, and raise the level of 

systemic financial security. 

5.3. Suggestions on technology ecosystem construction and industry application promotion 

From the perspective of industrial development, building a data-driven risk management system 

is not just a matter of technology stacking, but a practical process of ecological collaboration. The 

retail industry can build a co-built and shared risk data sample library and model training platform 

with the help of universities, technology companies and industry associations to accelerate the 

iteration of algorithms and the exchange of industry experience. Formulating an open indicator 

framework, model evaluation standards and scenario verification data set for retail investment 

scenarios will help small and medium-sized retail companies quickly access standardized solutions. 

It is necessary to focus on the integration of emerging technologies such as blockchain and privacy 

computing, promote cross-enterprise and cross-regional risk collaborative analysis and transparent 

investment management, and build a new ecological environment for risk management technology 
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that is "visible, auditable and trustworthy" to enhance the industry's ability to cope with risks and 

the level of intelligent governance. 

6. Conclusion 

As data assets in the retail industry continue to accumulate and the market environment is highly 

uncertain, creating a financial investment risk management system based on big data has become a 

key means to ensure corporate financial security and sustainable development. This paper combines 

theoretical analysis with empirical testing to confirm the effectiveness of big data in risk 

identification, dynamic modeling, and early warning response, and further proves its feasibility and 

advantages in actual business promotion. The adoption of big data technology can effectively break 

the barriers of traditional financial analysis and enhance the scientific nature and response 

timeliness of risk assessment. Even though this study has certain limitations in algorithm selection 

and data coverage, it lays a solid foundation for subsequent cross-industry applications and in-depth 

intelligent decision-making system research. Subsequent research can further integrate cutting-edge 

technologies such as artificial intelligence and blockchain to build a more flexible and intelligent 

investment risk management framework. 
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