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  Abstract 
A study was conducted on business data-driven risk prediction methods based on 
machine learning. The objective was to explore how large-scale business data can 
be leveraged to construct risk prediction models in order to improve risk identifica-
tion and control capabilities. The methodology combined multi-source business 
data feature analysis, machine learning model construction, and performance eval-
uation, with particular focus on critical steps such as data preprocessing, feature 
engineering, model training, and validation. The results indicated that approaches 
such as logistic regression, decision trees, support vector machines, and neural net-
works effectively enhanced the accuracy and stability of risk prediction across dif-
ferent business scenarios, with ensemble learning models demonstrating superior 
overall performance. The conclusion emphasized that machine learning methods 
can significantly strengthen risk prediction driven by business data and hold prac-
tical value for risk management in fields such as finance and supply chain opera-
tions. 
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Introduction 

With the acceleration of digital transformation in business processes, enterprises and institutions have accumulated 
vast volumes of multi-source and multi-dimensional data. While recording operational activities, these data streams 
also contain latent signals of potential risk. Traditional risk prediction methods often rely on statistical modeling or 
expert judgment, which struggle to address the challenges posed by growing data scale and complexity. In recent 
years, machine learning has emerged as a critical pathway for risk prediction due to its advantages in nonlinear mod-
eling, high-dimensional feature processing, and pattern recognition. By learning from historical business data, ma-
chine learning models are capable of uncovering hidden risk features and generating predictive insights, thereby 
offering decision-makers a more scientific basis for risk assessment. Consequently, designing appropriate machine 
learning approaches for different business contexts and leveraging data-driven mechanisms to optimize risk predic-
tion has become a central focus for both academic research and industrial practice. 

1. Data-driven Features and Modeling Requirements for Risk Prediction 

Risk prediction in business scenarios relies heavily on the quality and structure of underlying data. Transactional, 
operational, and external market data often contain hidden risk signals, but their volume, heterogeneity, and temporal 
variability make direct modeling difficult. Traditional manual or statistical approaches struggle to handle nonlinear, 
high-dimensional, and dynamic patterns. Effective modeling, therefore, requires systematic preprocessing, including 
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data cleaning, normalization, and handling of missing values, along with feature engineering to extract meaningful 
variables [1]. At the same time, models must balance predictive accuracy with adaptability, ensuring robustness 
against noisy inputs and sensitivity to anomalous patterns. These requirements clarify the essential role of machine 
learning in building reliable, scalable, and interpretable risk prediction systems. 

2. Machine Learning-based Design of Risk Prediction Methods 

2.1 Application of Common Machine Learning Algorithms in Risk Prediction 

In risk prediction tasks, the core of method design lies in transforming high-dimensional business variables into a 
mathematical representation suitable for modeling. Let the input dataset be: 

{ } { }nn yyyYxxxX ,...,,  ,,...,, 2121 ==                                    (1) 

where xi denotes the feature vector of the i-th sample and yi∈{0,1} represents the risk label. The objective of the 
predictive model is to learn a function: 
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and minimize the loss function: 
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in order to generalize risk prediction for unseen samples.  
Logistic regression employs a linear function with sigmoid mapping to estimate probabilities in risk classification. 

Decision tree models partition the feature space into hierarchical rules to capture complex data patterns. Random 
forests extend this principle by aggregating multiple trees and applying a voting strategy to reduce instability. Support 
vector machines map inputs into high-dimensional space through kernel functions and identify optimal separating 
hyperplanes for classification. Neural networks, with their multi-layer perceptron structures, extract representations 
from high-dimensional data and support nonlinear modeling [2]. 

For practical applications, model design requires parameter tuning and training procedures aligned with the data 
structure and business objectives. For instance, in credit risk prediction, logistic regression models are trained on 
historical default records, and parameters are updated iteratively using gradient descent to optimize the loss function. 
In supply chain risk prediction, random forests are used to process supplier performance data, with parameters such 
as tree depth and the number of trees adjusted to handle imbalanced datasets. Support vector machines in anomaly 
detection require kernel function selection and tuning, where radial basis kernels are commonly applied to capture 
nonlinear risk features. Neural networks in multi-dimensional business data scenarios rely on backpropagation algo-
rithms and batch gradient updates to adjust weights during training. Each method involves a structured pipeline of 
data input, parameter optimization, and validation, and effective design ensures stability across diverse risk prediction 
tasks. 

2.2 Data Preprocessing and Feature Engineering Pathways 

In risk prediction models, data preprocessing and feature engineering are crucial steps to ensure the effectiveness of 
model training. Let the original dataset be: 
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where m denotes the feature dimension. The transformation process can be defined as a mapping: 
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which converts raw variables into feature vectors suitable for modeling through procedures such as missing value 
imputation, normalization, dimensionality reduction, and feature construction. Standardization and normalization 
eliminate scale inconsistencies across variables, principal component analysis compresses feature dimensions while 
preserving key information, and feature selection methods such as information gain and chi-square tests filter varia-
bles that contribute most to risk prediction. These steps improve model efficiency and robustness, while ensuring that 
the feature representation reflects the essential risk characteristics in business data. 

For example, in financial risk control scenarios, raw data often include features such as income, credit history, and 
transaction frequency, with some records containing missing values. A common process is to fill missing entries using 
mean imputation or nearest-neighbor methods, followed by min–max normalization of variables such as amounts and 
frequencies to ensure consistent scales. In supply chain risk prediction, data sources may involve delivery times, 
inventory levels, and return rates. After normalization, principal component analysis can be applied to compress 
correlated indicators and extract core variables for model input. In cybersecurity risk prediction, raw log data must 
be transformed into structured features, quantifying behavior patterns before applying chi-square tests to select ab-
normal activity features, thus reducing redundant dimensions [3]. Through these steps, the stability of data input and 
the relevance of feature representation are enhanced, laying a solid foundation for subsequent model training and 
prediction. 

2.3 Model Training and Validation Mechanisms 

In constructing risk prediction models, the design of training and validation mechanisms determines whether the 
model can maintain stability across diverse business scenarios. Let the training dataset be Dtrain, the validation da-
taset be Dval, and the model function be fθ(x). The training process aims to minimize the empirical risk: 

∑
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where ℓ represents the loss function. To avoid overfitting to the training set, model performance is continuously 
monitored on the validation set, with early stopping and regularization used to constrain model complexity. Cross-
validation is a widely adopted technique in which the dataset is divided into multiple folds, with iterative training and 
testing providing more reliable parameter estimation. Hyperparameter selection can be achieved through grid search 
or Bayesian optimization, ensuring robust performance under varying data scales and feature dimensions. 

For example, in credit risk prediction, researchers often divide historical records into training, validation, and test-
ing sets, applying five-fold cross-validation to adjust the regularization parameters of logistic regression models, 
while monitoring AUC scores on the validation set to determine the best configuration. In supply chain risk prediction, 
random forest models require tuning of tree depth and the number of trees, adjusted through cross-validation to bal-
ance predictive power and computational cost. When neural networks are applied to high-dimensional business data, 
batch gradient descent combined with learning rate decay strategies is adopted during training, with the validation 
set used to monitor changes in the loss function to determine the point of early stopping. For support vector machines 
in anomaly detection, different kernel parameter combinations are tested, with the validation set used to identify the 
optimal kernel function. A systematic design of training and validation ensures the generalization ability of models 
in complex environments and supports their adaptability to multiple risk prediction tasks. 

2.4 Risk Prediction Performance Evaluation Metrics 

In the design of risk prediction methods, evaluating model performance is a key step in verifying the effectiveness of 
training. Let the predicted output be y^i and the ground truth be yi. In binary classification tasks, confusion matrix 
metrics are often used to represent predictive performance. Accuracy is defined as: 

FNFPTNTP
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where TP, TN, FP, and FN denote true positives, true negatives, false positives, and false negatives, respectively. 
To assess the ability to identify minority-class risk events, precision and recall are also considered, with their balance 
measured by the F1-score: 
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Receiver Operating Characteristic (ROC) curves and the Area Under the Curve (AUC) are widely applied as global 
performance metrics, reflecting how models distinguish between positive and negative classes under different thresh-
olds. Multi-dimensional evaluation allows a comprehensive assessment of applicability and robustness in risk pre-
diction tasks [4]. 

For example, in financial fraud detection, recall is often prioritized to ensure suspicious transactions are captured, 
with researchers reporting recall and F1-score as primary indicators. In supply chain risk prediction, accuracy is 
typically used to evaluate overall recognition of supplier risk, while AUC is employed to examine the model’s ability 
to distinguish high-risk suppliers. In cybersecurity scenarios, where log data suffers from severe class imbalance, 
precision and recall are analyzed together, and Precision-Recall (PR) curves are applied to measure detection ability 
under varying thresholds. In healthcare insurance risk prediction, AUC is widely used for comparing different ma-
chine learning models because it provides a global view of classification performance across thresholds. The combi-
nation of these evaluation metrics provides a multi-angle approach to assessing the reliability of risk prediction sys-
tems [5]. 

3. Business Scenario Applications of Risk Prediction 

3.1 Risk Prediction Case in Financial Services 

3.1.1 Case Background: Credit Card Fraud Risk in a Major U.S. Commercial Bank  
A major U.S. commercial bank faced rising credit card fraud risks during its business expansion. The institution 
served over 50 million customers and processed tens of millions of daily transactions, including online shopping, 
POS payments, and cross-border transfers. Fraud attempts intensified during peak seasons such as Christmas and 
Black Friday, when organized groups exploited automated scripts and stolen credentials to conduct large-scale fraud-
ulent transactions. These activities led to financial losses, regulatory concerns, and operational burdens. Traditional 
rule-based systems proved inadequate for detecting complex fraud patterns, resulting in frequent false positives and 
false negatives. Consequently, operational costs rose, and customer trust declined. The bank recognized the urgent 
need for an intelligent risk prediction system capable of real-time processing of large-scale data. 

3.1.2 Practical Implementation 
The bank’s technical team designed a machine learning–driven fraud prediction framework. A three-year transaction 
warehouse was created, covering amounts, locations, device IDs, customer profiles, and merchant categories. Data 
were cleaned to remove duplicates and incomplete entries, with personal identifiers anonymized. Preprocessing in-
cluded normalization to unify variable scales and sliding windows to extract temporal features such as transaction 
frequency and intervals [6]. 

Feature engineering emphasized composite variables. Examples included location–time patterns and spending–
merchant combinations to uncover hidden correlations. Redundant features were reduced using principal component 
analysis (PCA) and information gain, yielding a compact feature set. 

The modeling architecture centered on gradient boosting decision trees (GBDT), integrated with random forests 
and support vector machines (SVMs). Given the scarcity of fraud cases, the Synthetic Minority Oversampling Tech-
nique (SMOTE) was applied to balance the dataset. Five-fold cross-validation guided training, while hyperparameters 
such as learning rate, tree depth, and SVM kernels were iteratively optimized. 

Deployment integrated the trained model into the real-time payment system. Transactions were scored for risk 
within milliseconds using a distributed computing framework that supported parallel evaluation across multiple nodes. 
High-risk cases were flagged for manual review, and the system ingested new transaction data continuously. Periodic 
batch retraining ensured the model adapted to evolving fraud techniques, enabling the bank to sustain a scalable and 
adaptive fraud detection process. 

3.2 Risk Prediction Case in Supply Chain Management 

3.2.1 Case Background: Cross-Border Fulfillment Challenges at Amazon 
Amazon’s North American supply chain involves thousands of suppliers, warehouses, and logistics partners, with 
cross-border fulfillment spanning production, shipping, and storage. During the Black Friday shopping season, 
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surging order volumes exposed vulnerabilities: supplier production delays, inventory shortages, port congestion, and 
weather disruptions all heightened uncertainty [7]. These recurring risks underscore the necessity of a predictive 
framework capable of analyzing real-time operational data to anticipate delays and disruptions. The context provided 
a representative case for applying machine learning in supply chain risk management. 

3.2.2 Practical Implementation 
Amazon’s team developed a risk prediction framework based on integrated fulfillment data, including supplier rec-
ords, production schedules, logistics routes, and warehouse inventories. Raw data were cleaned through anomaly 
removal, missing value imputation, and timestamp serialization to capture temporal dynamics. 

Feature engineering focused on extracting variables relevant to fulfillment risk. Delivery cycle volatility was de-
rived from supplier performance, transportation route data were combined with port congestion indices, and turnover 
trends were calculated from inventory histories. Redundancy was reduced through information gain and PCA, yield-
ing a compact feature set. 

The modeling strategy combined gradient boosting with LSTM networks to capture both static and sequential 
patterns. Training data covered millions of fulfillment records, with delays representing under 10% of cases. SMOTE 
oversampling and stratified sampling were employed to balance the dataset, while cross-validation and Bayesian 
optimization were used to tune hyperparameters such as learning rate and tree depth. 

Deployment integrated the model into Amazon’s order management platform. New orders were scored in real time 
based on supplier and logistics data, with distributed computing ensuring scalability during peak volumes. High-risk 
orders were flagged and sent to an early warning module, enabling managers to reroute shipments, activate backup 
suppliers, or adjust inventory allocation. The model was periodically retrained with incoming fulfillment data to 
maintain adaptability under evolving supply chain risks. 

3.3 Achievements and Limitations of Application Practices 

In both financial and supply chain domains, machine learning–based risk prediction systems have delivered measur-
able results. In the financial case, a major U.S. bank developed a credit card fraud model using three years of trans-
actions. After cleaning and feature selection, about 15 million valid samples remained, with fraud cases below 2%. 
Using cross-validation and parameter tuning, the model achieved higher accuracy and recall. In the supply chain case, 
Amazon collected over 8 million orders and transportation records during the Black Friday season. Delayed deliveries, 
representing around 10%, were manually labeled and expanded with SMOTE. An ensemble framework combined 
with LSTM networks enabled stable predictions on complex time-series data. Core outcomes are summarized in 
Table 1. 

Table 1. Model performance in different business scenarios 

Scenario Dataset size Positive sample ra-
tio 

Key features pro-
cessed Main algorithm Core results sum-

mary 

Financial (Bank-
ing) 15 million 2% fraud samples 

Transaction fre-
quency, location, 

and amount 

Gradient Boosting 
+ RF 

Fraud detection 
improved; stronger 

generalization 

Supply Chain 
(Amazon) 8 million 10% delayed deliv-

ery 

Delivery cycle, 
congestion index, 
inventory turnover 

LSTM + Ensemble 

Delay risk predic-
tion is more accu-
rate; time-series 
patterns are cap-

tured 
 

However, several limitations remain. Fraud samples in financial transactions are extremely rare, and even after 
oversampling, models may miss unusual cases. Supply chain data are highly time-sensitive; delays in capturing 
transport or inventory updates can reduce prediction reliability [8]. Increasing model complexity also drives higher 
demands on computing resources and distributed systems, raising operational costs. Furthermore, interpretability 
remains a key challenge: while regulators require transparent logic in financial services, deep learning models often 
lack sufficient explainability, limiting their acceptance in compliance-driven contexts. 
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4. Conclusion 

This study examined machine learning–based approaches to business data–driven risk prediction, focusing on algo-
rithm design, data preprocessing, model training, validation, and applications in finance and supply chains. The find-
ings show that diverse business data, when properly processed, can support robust models, while methods such as 
ensemble learning, support vector machines, and neural networks capture nonlinear and high-dimensional risk pat-
terns effectively. Case studies confirmed the feasibility of integrating predictive models into operational systems for 
real-time risk assessment. Remaining challenges include data imbalance, real-time adaptability, computational costs, 
and model interpretability, particularly under regulatory constraints. Future research should emphasize integrating 
heterogeneous data, enhancing transparency, and developing lightweight architectures to balance accuracy with effi-
ciency. With continued refinement, machine learning is positioned to become a core technology for proactive, data-
driven risk management.  
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