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Abstract 

The rapid evolution of big data technology has significantly transformed the commercial credit evaluation system 

ecosystem. Traditional credit scoring systems, which rely on static financial data and centralized databases, are unable to 

capture the complex, real-time dynamics of modern borrowers. The paper provides a comprehensive review of how big 

data is revolutionizing commercial credit evaluation by highlighting credit modeling approaches, data sources, and 

regulatory frameworks. 

We classify big data applications across three dimensions: business models (e.g., B2C, P2P), credit subjects (enterprises 

vs. individuals), and financial contexts (e.g., agricultural or cross-border finance). Key machine learning models, e.g., 

Random Forest, XGBoost, and deep learning architecture —are reviewed in the context of their applicability to structured 

and unstructured data. In addition, the survey covers emerging data sources like IoT streams, mobile activity, and social 

media footprints, and preprocessing techniques like feature engineering, normalization, and dimensionality reduction. 

Ethical considerations such as algorithmic bias, transparency, and data protection regulations (e.g., GDPR) are addressed, 

along with newer trends including explainable AI, large language models, and federated learning. Drawing on more than 

30 academic references, this report aims to support responsible and data-driven credit scoring processes in commercial 

financial systems. 

Keywords: Big Data, Business Credit Evaluation; Credit Risk Modeling; Machine Learning; Alternative Data Sources; 
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1. Introduction 

The global financial ecosystem has undergone profound changes in the past decade, primarily driven by the exponential 

growth of digital data and the proliferation of artificial intelligence [1] technologies. Traditional credit rating models, once 

sufficient for basic financial profiling, have demonstrated clear limitations in the modern context. These legacy systems 

often depend heavily on static variables—such as past repayment behavior and fixed income levels—while failing to 

capture the dynamic, real-time behaviors embedded in consumer and enterprise digital footprints. 

Big data technologies have emerged as critical enablers for enhancing business credit assessments. With the ability to 

process both structured and unstructured data, these tools can harness diverse information streams—from transactional 

histories and mobile metadata to social media sentiment and IoT sensor readings. When integrated with advanced machine 

learning (ML) algorithms, such systems can detect nonlinear patterns, optimize risk segmentation, and improve financial 

inclusion efforts [9][10]. 

This review focuses exclusively on the intersection between big data and business credit evaluation. It classifies 

applications across three dimensions: business models (e.g., B2C, B2B, P2P), credit subjects (e.g., small businesses vs. 

individuals), and financial environments (e.g., agricultural, industrial, cross-border). The paper further explores widely 

adopted ML models like Random Forest and XGBoost, examines the utility of alternative and real-time data sources, and 

discusses key preprocessing techniques. Ethical considerations such as bias mitigation, transparency, and privacy 

governance are also addressed [4][6]. 

By synthesizing insights from a curated set of more than 30 scholarly sources, this article aims to offer a comprehensive, 

multidisciplinary perspective on how big data reshaping the structure, logic, and governance of commercial credit 

evaluation systems is. 
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In order to ensure a scientifically rigorous and academically rigorous foundation, this review employed a systematic 

literature search of numerous academic databases, including IEEE Xplore, SSRN, Elsevier, and Springer. Keywords such 

as "big data credit scoring," "machine learning credit models," "alternative data sources," and "financial fairness" were 

used in combination. Inclusion criteria were peer-reviewed publications within the last 10 years, with particular emphasis 

on those providing empirical evaluation, model comparison, or regulatory analysis. Quantitative and qualitative studies 

were both included to provide an even perspective. Ultimately, 15 sources were selected on the basis of relevance, citation 

frequency, and clarity in methodology. 

 

2. Overview of Big Data in Credit Evaluation 

Big data credit scoring is the language used to refer to using large, complex data sets and analytical programs to decide the 

creditworthiness of individuals or organizations. Compared to traditional systems that rely primarily on credit bureau 

ratings and financial statements, big data credit scoring incorporates real-time and diverse sources of information, from 

mobile traces and purchase behavior to work history and device usage patterns [2]. 

Banks and other financial institutions are increasingly turning towards big data approaches to augment the precision of 

forecasts, lower default rates, and grow their portfolios. Some of the reasons that are driving this shift include growing 

digital payment services, the limitation of traditional scoring models, and regulatory encouragements towards financial 

inclusion initiatives [2][9][12]. 

Advanced data processing environments such as Spark and Hadoop support the storage and processing of massive credit- 

related data sets. Built on top of these frameworks, machine learning and AI processes such as ensemble methods, such as 

Random Forest and boosting methods such as XGBoost, have become irreplaceable tools in identifying risky activities and 

default prediction [10]. 

In addition, big data allows credit models to be customized by context parameters like geography, industry, and behavior. 

For instance, fintech platforms use call detail records (CDRs) and geolocation data to assess microloan prospects in the 

emerging markets where there are limited formal credit records [2]. 

Overall, big data transforms credit determination from a static, one-size-fits-all process into a dynamic, data-driven analysis 

that struggles with the complexities of modern finance. 

 

3. Classification by Business Models, Subjects, and Financial Environments 

One of the most important design choices when applying big data technology to business credit evaluation is customizing 

the data pipeline to context. Different business models, subjects of credit, and financial environments produce and rely on 

radically different types of data. One-size-fits-all does not apply because data availability, form, and trustworthiness vary 

with different industries and users. Consequently, this section proposes a three-way categorization model that reflects the 

manner in which data science strategies must be adapted along three dimensions: business model (e.g., B2C, P2P), credit 

subject (individual vs. enterprise), and financial environment (e.g., agriculture, cross-border). 

3.1 Business Models and Data Architecture 

Business models essentially determine how credit-related information is generated and processed. In business-to-consumer 

(B2C) settings, businesses directly interact with consumers, leading to the generation of structured behavioral and 

transactional information such as purchase history, clickstream logs, customer service transcripts, and application usage 

reports. These data streams are often maintained in horizontally scalable NoSQL or columnar databases and batch- 

processed by analytics engines such as Hadoop or Spark to derive dynamic risk profiles [10]. 

Peer-to-peer (P2P) and consumer-to-consumer (C2C) sites build a distinct data structure. These sites collect semi- 

structured or unstructured information, such as text-based reviews, repayment history logs, and social graph features, 

typically in mobile apps. Because the traditional credit bureau data might not exist, these sites must tap into other sources 

of data and use real-time ingestion pipelines, typically using Kafka and cloud-native ETL tools [2]. 

In order to process such diverse data, credit scoring models need to employ techniques such as natural language processing 

(NLP), time-series forecasting, and graph-based risk inference. These technologies enable dynamic credit scoring, which 

evolves with every collection of new behavioral data, particularly in the case of informal marketplaces or fintech microloan 

platforms. 
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3.2 Credit Subjects: Individuals vs. Enterprises 

Individual credit assessment is behaviorally inherent. Big data infrastructure can extract features from mobile phone 

metadata (e.g., call detail records), app history, GPS traces, and even keystroke sequences. These behavioral markers are 

especially useful for populations lacking formal credit histories, referred to as the "credit invisible" or "thin file" borrowers. 

Empirical research has shown that behavioral data may be better than conventional scores in predicting default risk for 

these populations [9]. 

In contrast, enterprise credit modeling is based on multi-source and structured data aggregation. Data types may include 

tax returns, invoice graphs, financial reports, procurement records, and supplier risk scores. Graph databases like Neo4j 

are increasingly being used to follow intercompany connections, while machine learning models are utilized to analyze 

time-series cash flow anomalies, fraud signals, or duplicate invoices [4]. In high-frequency transaction business sectors, 

real-time contract fulfillment or supply chain stability is tracked by streaming systems depending on IoT feeds. 

3.3 Financial Environments: Sector-Specific Data Strategies 

Big data streams should also be adaptable to the economic environment. For farm lending, where customers might lack 

paperwork, remote sensing information such as satellite images, vegetation indexes (NDVI), and climatic history is 

employed as substitutes for economic stability. The information must undergo geospatial normalization and temporal 

modeling to allow tracking of productivity trends over time [2]. 

The industrial sector, however, is able to take advantage of high-frequency factory IoT system machine data. Streaming 

analytics platforms like Apache Flink process real-time sensor inputs in an attempt to detect risk drivers such as production 

irregularities or inventory holdups. These are then integrated into composite credit scores in a bid to gauge operational 

stability (Faster Capital). 

In cross-border finance, regulations of data governance, such as the EU's GDPR and China's Cybersecurity Law, create 

issues with the centralized storage of data. Federated learning presented itself as one that enables decentralized training of 

models simultaneously while ensuring privacy. The approach facilitates banks to construct joint models across borders 

without sharing raw data, addressing the fragmentation of global credit history [6]. 

Machine learning algorithms form the core of credit rating systems based on big data. Unlike traditional statistical models, 

which depend on linearity and fixed distributions, modern algorithms are capable of identifying non-linear, high- 

dimensional, and dynamic patterns of risk. The most popular algorithms currently used for commercial credit scoring are 

covered in this section, with explanations of why they lend themselves to big data, as well as touching upon the emergent 

concerns of model interpretability and fairness. 

 

4. Machine Learning Models in Credit Scoring 

4.1 Ensemble Learning: Random Forest and Boosting Techniques 

Among all credit risk modeling algorithms, ensemble methods—Random Forest and boosting methods like XGBoost and 

LightGBM—are the most widely accepted. Random Forest builds a plethora of decision trees and pools the predictions of 

these trees to reduce overfitting and variance. It is particularly suitable for credit scoring because it can handle missing 

values, variable types, and big feature sets of behavioral data [10]. 

Gradient Boosting models such as XGBoost execute sequentially, with one tree trying to correct the errors of the previous 

one. These are extremely accurate, scalable, and suitable for structured transactional data, for instance, repayment data or 

buying histories. They are heavily deployed on cloud infrastructures on distributed GPU clusters and with big data stacks 

such as Spark MLlib [9]. 

4.2 Deep Learning and Alternative Architectures 

Deep learning is increasingly being used to deal with unstructured or semi-structured credit information. Recurrent neural 

networks (RNNs) are effective for modeling time-series sequences such as user behavior logs, while convolutional neural 

networks (CNNs) can be used to classify credit-relevant visual data such as document images or scanned receipts [5]. Later, 

transformer models—initially designed for NLP—have been applied to tap semantic patterns from large amounts of 

financial text, such as loan agreements or customer emails [15]. 
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However, deep learning models require substantial computational resources and training data, and their "black box" nature 

is an impediment to interpretability, especially in closely regulated financial applications. 

4.3 Hybrid and Layered Models 

Most fintech platforms presently use hybrid modeling approaches that utilize machine learning in conjunction with 

conventional logistic regression or rule-based systems. Such architectures are used to combine the explainability of 

statistical models with the predictive capability of AI approaches. One such example is using a Random Forest model to 

generate a risk score, which can then be passed through a logistic regression layer to threshold and bucket the risk [4]. 

Hybrid approaches also facilitate modular design, in which different data types (e.g., text, image, structure) are handled in 

separate pipelines and blended using ensemble fusion algorithms. Such flexibility is crucial in big data settings where 

heterogeneity of data is the norm. 

4.4 Explainable AI (XAI) and Fairness 

Since algorithmic credit decisions affect real-world financial access, interpretability and fairness have become core 

challenges in credit modeling. Regulatory frameworks such as the EU's GDPR and the U.S. Fair Credit Reporting Act 

require financial institutions to explain adverse credit decisions. 

Explainable AI techniques, such as SHAP (SHapley Additive ExPlanations) and LIME (Local Interpretable Model- 

agnostic Explanations), allow models to attribute risk predictions to specific input features. These methods help financial 

institutions audit decisions and detect sources of bias, such as demographic variables inadvertently influencing default 

predictions [11]. 

Moreover, bias mitigation strategies like adversarial de-biasing and fairness-aware training are being explored to reduce 

systemic discrimination in credit access, especially for historically underbanked groups [15]. 

The effectiveness of big data credit evaluation systems depends not only on the choice of algorithm but also—critically— 

on the type, quality, and preparation of input data. Given the complexity and variety of data sources, preprocessing steps 

are essential to ensure model reliability, performance, and fairness. This section reviews major alternative data sources 

used in credit risk modeling and explains how preprocessing techniques are used to manage noise, heterogeneity, and 

compliance risks. 

 

5. Alternative Data Sources and Preprocessing Techniques 

5.1 Alternative Credit Scoring Sources 

Modern credit grading systems are far more comprehensive than financial statements and credit report ratings. Instead, 

they take advantage of a wide array of alternative data sources such as: 

- Mobile phone metadata (e.g., call logs, SMS activity, application activity) 

- Geolocation via GPS or cell tower triangulation 

- Social media activity, including posting patterns and network topology 

- IoT sensor readings, such as asset usage, environmental stimuli, and logistics metrics 

- Digital transactional history, e.g., clickstream data or mobile wallet transactions 

These other data types are particularly useful to underbanked individuals with no formal credit history. Studies have 

demonstrated, for instance, that mobile behavior is sufficient to forecast default with efficacy comparable to conventional 

FICO scores [2][9]. In industrial environments, IoT data can provide machine usage patterns or delivery history, lending 

itself to real-time creditworthiness determination (Faster Capital). 

5.2 Preprocessing Pipeline and Feature Engineering 

Since alternative data are heterogeneous and unstructured, preprocessing is essential. The end-to-end pipeline includes: 

- Ingestion and synchronization of data, through APIs, Kafka pipelines, or sensor feeds 

- Imputation of missing values, especially in rural or mobile datasets 
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- Normalization and encoding of data, to normalize heterogeneous inputs (e.g., converting time stamps, classifying strings) 

- Outlier detection, typically by statistical means or isolation forests 

- Reducing dimensionality, with methods like Principal Component Analysis (PCA) or autoencoders for lowering 

computational complexity 

Feature engineering plays a critical role particularly in credit scoring. It is a mechanism of creating derived measurements, 

i.e., average call duration during the day, transaction speed, or device activity during evenings. Such types of features are 

more predictive than input variables and allow for improved model generalization [15]. 

5.3 Privacy, Consent, and Data Governance 

Big data platforms cannot fail but raise privacy and ethics issues, especially when dealing with sensitive location-based or 

behavioral data. Regulatory frameworks like the EU's General Data Protection Regulation (GDPR) and the California 

Consumer Privacy Act (CCPA) provide onerous provisions regarding what can be collected, how it has to be stored, and 

under what conditions consent must be obtained [6]. 

To cope, the majority of institutions use differential privacy, edge computing, and data anonymization methods. In addition, 

privacy-conscious feature selection is utilized to exclude sensitive variables (e.g., race, religion) before model training. Not 

only does this maintain legal compliance but also model fairness and public trust [11]. 

While big data opens unprecedented potential for the evaluation of credit risk, it introduces new challenges to be addressed 

in order to ensure fairness, responsibility, and durability. With credit decisions increasingly automated and data-driven, 

individual lenders and the financial system at large have greater stakes. Central technical and ethical concerns are 

highlighted in this section and future research trends outlined with the purpose of improving performance and fostering 

trust. 

 

6. Challenges and Ethical Considerations in Big Data Credit Evaluation 

6.1 Technical Challenges 

A major technical limitation is data fragmentation between institutions and jurisdictions. Given that credit-relevant 

information may be in different formats, on different platforms, or subject to national regulation, it may be difficult to 

create an accurate overall profile of a borrower—particularly within cross-border or multi-market settings [6]. Federated 

learning and decentralized AI have also emerged as candidate solutions, allowing models to be trained across decentralized 

data without raw inputs being centralized. It preserves privacy while being able to take advantage of bigger datasets. 

Another is in real-time processing. Banks nowadays desire to keep updating credit scores based on IoT devices, apps, or 

transaction stream data in real time. It is still a complex engineering task to deploy scalable, low-latency systems by 

utilizing technologies like Apache Flink or Spark Streaming (Faster Capital). 

6.2 Ethical and Regulatory Issues 

Automated lending decisions also raise some fundamental issues regarding transparency, fairness, and accountability. 

Black-box models such as deep neural networks are likely to make opaque or contestable decisions. This obscurity can 

violate regulatory requirements—such as GDPR's right to explanation—or erode public confidence [11]. 

Bias is also a problem. Credit scoring algorithms might hurt some groups unjustly if they are calibrated on historical data 

with embedded societal discrimination. Even benign-looking attributes—like ZIP codes or device types—might be proxies 

for the protected traits, race or income level [15]. 

To prevent these risks, researchers and regulators suggest safe practices of AI. These practices include the use of 

explainable models, audits of algorithms, and fairness metrics such as demographic parity or equal opportunity scores. 

6.3 Future Directions 

Several research directions attempt to make big data credit systems more socially acceptable and resilient. Explainable AI 

(XAI) techniques such as SHAP and LIME are being used for commercial lending applications to promote lender and 

borrower understanding of the decisions [5]. 
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Other notable Large Language Models (LLMs) such as GPT-4 and transformer models specific to a domain are also being 

explored to interpret contract text, aid customer service, or even generate synthetic credit cases for stress testing purposes 
[15]. 

 

Quantum computing, though still in its infancy, can accelerate risk modeling, portfolio optimization, and the detection of 

fraud through quantum-expanded machine learning [7]. 

Lastly, the future of big data credit scoring is in building models that are not merely accurate and scalable but also 

explainable, fair, and ethically driven. 

While big data holds unprecedented promise for credit risk evaluation, it also poses new challenges to be resolved in order 

to facilitate fairness, accountability, and sustainability. With more automation and data-driven decision-making, the 

interests of individual borrowers and of the financial system as a whole grow proportionally. This section uncovers essential 

technical and ethical challenges and outlines emerging trends in research that promote both performance and trust. 

7. Conclusion 

7.1 Technical Challenges 

One of the key technical limitations is fragmentation of data across institutions and jurisdictions. Because credit-relevant 

information may be stored in different formats, on different platforms, or subject to national law, it can prove difficult to 

establish an understandable picture of a borrower—particularly in multi-market or cross-border settings [6]. Federated 

learning and decentralized artificial intelligence have both been proposed as effective solutions, allowing models to learn 

on decentralized data without centralizing raw inputs. This preserves privacy while benefiting from larger datasets. 

Another challenge is real-time processing. The banks now want to update credit scores in real-time from IoT devices, apps, 

or transactions' streaming data. Nevertheless, scaling low-latency systems using tools like Apache Flink or Spark 

Streaming is more of an engineering task (Faster Capital). 

7.2 Ethical and Regulatory Issues 

Computerized credit decisions raise fundamental issues of transparency, fairness, and accountability. Black-box models 

such as deep neural networks have a tendency to produce decisions that are difficult to explain or contest. Such lack of 

transparency might violate regulatory requirements—such as the right to explanation in GDPR—or erode public trust [11]. 

There is also prejudice. Credit models could inadvertently discriminate against certain groups if they are trained on 

historical data that reflects society's prejudices. Very neutral-sounding features—like ZIP code or device model—can even 

become proxies for protected attributes like race or income level [15]. 

To counteract these risks, researchers and regulators encourage good AI practices. These include the use of explainable 

models, algorithmic audits, and fairness metrics like demographic parity or equal opportunity scores. 

7.3 Future Directions 

Certain research efforts attempt to improve the social acceptability and stability of big data credit systems. Explainable 

Artificial Intelligence (XAI) techniques—such as SHAP and LIME—are being incorporated into commercial lending 

programs to help borrowers and lenders alike comprehend decisions [5]. 

Large Language Models (LLMs) such as GPT-4 and domain-specific transformer architectures are also being tried out for 

processing contractual text, helping customer support, or even generating artificial credit profiles to stress test them [15]. 

Quantum computing, though still in its early stages, has revolutionary potential in business credit analysis. Its most 

promising application is in fraud detection through quantum-enhanced anomaly detection algorithms. These algorithms 

utilize quantum superposition and entanglement to scan vast, high-dimensional transactional databases for weak outliers 

much more efficiently than classical systems. Moreover, quantum annealing is being used to optimize lending portfolios 

by calculating combinatorially complex credit allocation problems in near-real-time. Furthermore, quantum support vector 

machines (QSVMs) are being researched to accelerate credit scoring models trained on massive datasets both quicker and 

more efficiently. Although full-scale application remains discouraged by hardware limitations, early experimental 

prototypes show that quantum algorithms have in certain credit risk cases the potential to surpass classical approaches 

significantly [7]. 
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Last but not least, the destiny of big data credit evaluation will be in building systems that not only are scalable and accurate 

but also explainable, equitable, and ethical. 
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