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Abstract

With the rapid growth of e-commerce, the need for credit in e-commerce has increased. E-commerce
platforms require high performance as a competitive advantage in their activities. Traditional
credit risk models need improvement to sustain the performance expected by e-commerce
platforms. In this study, we investigate alternative behavioral and transactional variables obtained
from an e-commerce platform. We examine whether these variables improve the predictive
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performance of credit risk models beyond traditional financial data. Our research is based on a real
e-commerce environment where a machine learning based credit scoring system was implemented.
The study focuses on developing and evaluating a credit risk system that integrates platform
specific behavioral data, such as shopping frequency, payment methods, Buy Now Pay Later
(BNPL) repayment behavior, and wallet usage, with traditional financial and Credit Bureau(CB)
indicators. Our findings demonstrate a significant improvement in model discrimination and Gini
performance. The localized Al-driven credit scoring system achieved a low-cost, fast, and more
accurate credit assessment.

Keywords: Al-driven credit scoring, Buy Now Pay Later (BNPL), financial risk assessment,
alternative data, fintech, credit risk, machine learning
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1. Introduction

With the rapid growth of e-commerce, the need for credit in online shopping has
increased. Credit scoring on e-commerce platforms requires high performance due to the
competitive nature of online markets. There is a strong need for flexible and fast credit
systems. Online customers increasingly prefer deferred payment methods such as Buy
Now, Pay Later (BNPL) because those payment methods allow them to complete
purchases without immediate payment [5]. These developments have increased the
pressure on both financial institutions and fintech companies to assess credit risk in real
time and with higher precision.

Traditional credit scoring models were developed for banking environments. They rely
on static and backward-looking data such as income, liabilities, and Credit Bureau (CB)
history [1]. The Credit Bureau of Tiirkiye is a centralized institution that collects,
aggregates, and shares individual and corporate credit information from financial
institutions to support credit risk assessment, financial transparency, and informed
lending decisions. These models are slow to update and are not well suited to digital
consumers who have short or incomplete credit histories [2]. Consequently, many
potentially creditworthy e-commerce users remain underserved, while risk prediction
errors remain common.

On the other hand, there are vast amounts of behavioral and transactional data in e-
commerce platforms, such as purchase frequency, product category, payment type,
repayment patterns, and wallet activity [1], [2]. This information reflects both consumer’s
financial discipline and behavioral reliability. These variables can strengthen credit risk
prediction and reduce default uncertainty in hybrid models that combines them with
traditional financial indicators [5].

Large and rapidly changing data sources create complex frameworks, so big data
approaches are required to support their scalability [3]. Processing such data requires
Machine Learning (ML) methods. ML algorithms can also identify patterns that
traditional statistical techniques may miss. They allow credit scoring systems to adapt
dynamically and deliver more accurate predictions [2], [5].

There are several studies highlighting the potential of alternative data in credit scoring.
Although non-traditional data and ML techniques improve prediction quality, empirical
evidence comparing these models with traditional lending systems remains limited.
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Current applications (such as e-commerce transactions and digital wallet histories) are
still in early stages, particularly in local markets where automated decision systems are
uncommon [6]-[8]. Huang et al. note that further empirical work is needed to validate
the reliability and generalizability of such models across diverse populations and

economic contexts [8].

This study is based on a project of ML-based credit evaluation system that integrates
traditional financial indicators (e.g., CB data, debt ratios, income levels) with behavioral
and transactional variables from e-commerce platforms (e.g., BNPL activity, wallet usage,
and purchase behavior). The project’s innovations include creating an in-house solution,
applying advanced ML and data mining techniques on real data, and continuously
improving models through performance monitoring. While prior studies show that
alternative data enhances credit risk prediction, empirical validation in operational e-
commerce systems remains limited [2], [5], [8], [9]. To bridge this gap, this study
implements an ML-based Credit Scoring Decision Support System and examines whether
alternative behavioral and transactional variables from e-commerce platforms improve

model performance compared to traditional financial data.

2. Literature Review

Credit evaluation and its risk are a major concern in the financial sector. Supervising both
liquidity and credit risk remains a core part of banking operations [6]. Although
traditional credit scoring models have been used to estimate default probability, they are
limited in digital finance environments [5]. These models depend on structured factors
such as income, payment history, and CB data. Many consumers with little or no formal
credit history remain excluded because of this dependency on structured factors [8].

The growth of FinTech and Big Data has expanded the scope of risk assessment [3], [8].
Alternative data introduces non-traditional indicators that reflect digital behavior, and it
offers new insights for more accurate and inclusive credit evaluation. Alternative data
includes financial information such as e-commerce transactions and utility payments, or
non-financial details such as social media activity [7]. E-commerce platforms generate
detailed behavioral data, including shopping patterns, repayment habits, and wallet
usage. Platforms such as Alibaba’s Ant Financial and Mercado Libre use this data to
allocate credit and manage portfolio risk [7]. Xu et al. [2] show that analyzing seller
transaction data on Taobao supports sustainable and trustworthy e-commerce financing.
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Cai and Yan [4] add that e-commerce platform financing enables faster, and collateral-
free loans compared to banks.

The volume and variety of alternative data require ML techniques for analysis [8]. ML
models can identify patterns that conventional linear models cannot. They enhance both
the speed and accuracy of credit scoring [5]. Gambacorta et al. [9] research showed that
incorporating non-traditional data, such as information from mobile phone applications
and e-commerce platforms, improved the discriminatory power of credit scoring models
by 2.2%. The use of ML techniques provided an even greater boost, adding an extra 5.3%
to the models' overall predictive power. The study demonstrated that ML-based models
perform better during periods of economic instability or stress because they are better
equipped than linear models to uncover the complex, non-linear relationships between
variables when the financial environment changes suddenly.

The Gini index is a global measure of a scoring function's quality and discriminatory
power measure in credit scoring models. It is defined as twice the area between the
Lorenz curve and the diagonal, with values ranging from 1 (for an ideal model that
perfectly separates clients) to 0 (for a random model) [10]. The Gini index uses the
following quality levels:
e Ideal/Perfect Model (Successful): An ideal model, which perfectly separates good
and bad clients, has a Gini index equal to 1 (100%).
e Random Model (Weak): A model that assigns a random score to a client has a Gini
index equal to 0.

3. Methodology

This study was designed to empirically answer the question that integrating behavioral
and transactional data from an e-commerce platform can significantly enhance the
predictive performance of a credit risk model beyond traditional financial data alone. The
methodology was structured around a four-stage development lifecycle, as summarized
in Table 1, encompassing data preparation, model development, evaluation, and
implementation.

To conduct this analysis, two primary datasets were utilized. The first consisted of
traditional financial data, sourced from a CB, and included variables such as income,
existing loan obligations, credit card usage, and historical delinquency records. The
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second dataset comprised alternative data from an e-commerce platform, which was
categorized into specific behavioral and transactional variables. These were selected to
capture a customer's financial discipline and reliability directly from their digital
footprint:
e Transaction Frequency & Volume: Metrics such as the number of purchases per
month and total spending amount.
e Payment Method Patterns: The frequency of using different payment options,
including credit cards, debit cards, and digital wallets.
e BNPL Repayment Behavior: Critical indicators such as the number of active BNPL
loans, historical on-time repayment rate, and instances of late or missed payments.
e Digital Wallet Usage: Intensity of wallet use, including the linkage of bank cards
to the wallet and the average balance maintained.
e Product Category Affinity: The categories a customer most frequently shops in
(e.g., electronics, childcare products, cosmetics), which serve as proxies for
lifestyle and financial stability.

The initial data universe contained 15.4 million shared customers, from which 1.4 million
were successfully matched using masked identifiers to ensure anonymity. All data
handling and processing adhered to GDPR and local banking regulations.

The project workflow began with “Data Preparation”. In this stage, the financial and e-
commerce datasets were cleaned, merged, and filtered to include only active customers.
The final dataset, now enriched with the behavioral variables, was partitioned into a 70%
training set, a 30% test set, and an out-of-time validation set to ensure the model's
robustness and temporal stability. During the “Model Development” phase, the target
variable was defined as the occurrence of either legal action or a delinquency of 90 days
or more within a 12-month performance window. A diverse set of machine learning
algorithms were employed, including Light Gradient Boosting Machine (LGBM),
Multilayer Perceptron (MLP), Random Forest, Decision Tree, Support Vector Machine
(SVM), Extreme Gradient Boosting (XGBoost), and Logistic Regression, to capture the
complex, non-linear relationships inherent in the new behavioral data. Rigorous data
preprocessing was applied, involving imputation for missing values, encoding of
categorical variables, and the removal of features with poor predictive quality. The
“Model Evaluation” stage involved training and assessing three distinct baseline
modules to isolate the predictive contribution of different data types:
e Module 1: Consumer Finance CB, built solely on traditional financial data.
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e Module 2: E-commerce CB, which combines CB data with the e-commerce
behavioral variables.
e Module 3: E-commerce Internal, relying exclusively on the platform's internal
behavioral data.
Table 1: Credit Scoring Project Development Summary

Source: Authors’ compilation based on project workflow and model development records.
Phase Goal/Process Key Data & Methods

1. 15.4M shared customers - 1.4M matched (masked ID).
Merge, clean, and

segment datasets
for model training.

Financial + e-commerce data (loans, transactions,
shopping).
70/30 Train-Test split + Out-of-Time set.

Data

Preparation

Default: legal action or 90+ days delinquency within 12

2. ths.
Define default moms

Model criteria and train Algorithms: LGBM, MLP, Random Forest, Logistic
. Regression, SVM, XGBoost, Decision Tree
Development algorithms. Feature selection via missing-rate and performance
filtering.
. Module 1: Consumer Finance CB
3. E‘; lelj :tzrdl;;fjiz Module 2: e-Commerce CB
Evaluation Module 3: Internal Data

modules. X - . :
Ensemble via Logistic Regression (Stacking).

4. Deol ; ted Final Ensemble 1 (Module 1 + Module 3)
. ep (,)y automate Final Ensemble 2 (Module 2 + Module 3)
Implementatlon decision system. — -

Deciding Weights for CB and Internal Data.

To enhance predictive stability and accuracy, these three modules were combined using
a stacking ensemble technique, with a Logistic Regression model as the meta-learner. This
approach allowed the system to optimally weigh the predictions from each base module.
Finally, for “Implementation and Monitoring”, the ensemble model was deployed into
an automated decision system capable of rendering credit decisions in five seconds or
less.

4, Result

The implemented ML credit scoring system successfully integrated traditional financial
data with behavioral variables from the e-commerce platform. It made significant gains
in predictive accuracy and operational efficiency. The end-to-end development process,
summarized in Figure 1, ensured a robust and scalable system.
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The predictive framework was built on three core scoring modules, each leveraging

different data sources, as detailed in the Methodology. The standalone performance of

these modules was evaluated to isolate the contribution of each data type:

Module 1 (Consumer Finance CB), using only traditional CB data, established a
strong performance baseline (Gini = 76.75%). The detailed algorithm-level
performance is shown in Table 2. Out-of-Time validation refers to model testing
on data from a later time period not used during training or testing, ensuring
temporal robustness. LGBM and Random Forest achieved the highest
discrimination and generalization capacity, confirming that tree-based ensemble
methods outperform simpler linear or kernel-based models in the CB dataset.

Table 2: Module 1 (Consumer Finance CB)
Source: Authors’ calculations based on model evaluation metrics

Train T -of-Tim
Model Name Gini fol: Outcoini )
Light Gradient Boosting Machine (LGBM) 84.40% 76.75% 75.50%
Multilayer Perceptron (MLP) 78.00% 76.20% 74.30%
Random Forest 85.50% 75.80% 72.60%
Logistic Regression 75.40% 75.50% 72.20%
Support Vector Machine (SVM) 73.00% 72.10% 69.90%
Extreme Gradient Boosting (XGBoost) 72.70% 72.50% 68.20%
Decision Tree 73.70% 70.00% 66.00%

Module 2 (E-commerce CB), which combined CB and behavioral data, showed
similar performance (Gini = 75.87%). The detailed algorithm-level performance is
shown in Table 3. The hybrid structure benefited from alternative data: LGBM and
XGBoost again ranked highest, indicating robustness against time-shift and data-
drift effects.

Table 3: Module 2 (E-commerce CB)

Source: Authors’ calculations based on model evaluation metrics

Model Name Gini o | e
Extreme Gradient Boosting (XGBoost) 81.97% 75.87% 72.97%
Light Gradient Boosting Machine (LGBM) 83.07% 75.27% 72.47%
Multilayer Perceptron (MLP) 74.37% 74.37% 70.57%
Random Forest 84.07% 74.07% 70.07%
Logistic Regression 73.27% 73.57% 69.77%
Support Vector Machine (SVM) 70.67% 70.57% 67.27%
Decision Tree 72.07% 69.77% 64.27%
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e Module 3 (E-commerce Internal), relying solely on platform-specific behavioral
data, had limited discriminatory power on its own (Gini = 40.43%), indicating that
behavioral data alone is insufficient for robust credit assessment.

The key innovation was combining these modules into a stacking ensemble. The final
ensemble models achieved a Gini of 78.14% for the Consumer Finance segment and
77.57% for the E-commerce segment. This represents an overall improvement of
approximately four Gini points over the initial baseline, demonstrating that the
behavioral data from Module 3 provides a unique predictive signal that significantly
enhances the core financial models when combined intelligently.

Phase 1: Data I Goal: *
Preparation improve NPL management
Phase 3:
c Dat Building
Finenchi Dete el Shopping transactions
Consumer loans, etc. Sources PR :m ' Meodule 1: Meodule 2: Module 3:
T T - C r Finance CB e-Commerce CB e-Commerce Internal
T Data
Gini [Test): 76.75% Gini (Test): 75.87% Gini (Test): 40.49%
| - Matching | ini (Test) (Test) ( i
[ Data Cleaning & Filtering | L +
Ensemble (Stacking) Ensemble (Stacking)
— via Logistic Reg. via Logistic Reg.
Dataset Splitting - _ - -
| 70%/30% | 71% CB, ~29% 71% CB, ~29%
Internal Internal

v

Phase 4: Finalization
& Implementation

12 months, 90+ Final Scorecard 1: Final Scorecard 2:
days, etc Consumer Finance Ensemble e-Commerce Ensemble
Gini (Test): 78.14% Gini (Test): 77.57%
Feature Engineering &
Elimination
|
Algorithm Training
Limit Algorithm
LGL:ME;:::BM -t credit limit for the
2gistic Reg. customer

I _ I
NPL: Non-Performing Loan | End |
CB: Credit Bureau

Figure 1: Credit Scoring Project Development Steps

The deployment of the ensemble model transformed the credit evaluation process. As
summarized in Table 4, the operational results were substantial.

o Efficiency: The system fully automated credit decisions, slashing the average
decision time from ~30 seconds (manual) to under 5 seconds, an 83% reduction.

e Portfolio Growth and Quality: This speed and accuracy fueled a 62.5% increase
in monthly average credit transaction volume. Crucially, this expansion was

Online ISSN: 2980-020X https://journals.orclever.com/oprd 113



Orclever Proceedings of

Research and Development CLEVER

httpS'//dOlO?’g/l 056038/0]9Vd0711714 Science & Research Group

achieved while improving portfolio quality, as the NPL rate fell from 4.0% to 2.9%,
a 27.5% reduction.

e Customer Satisfaction: The enhanced experience was reflected in a 6% increase in
the Net Promoter Score (NPS) for BNPL products.

Table 4: Module and Operational Performance Summary
Source: Authors’ calculations based on model evaluation and operational performance data.

Metric Before ML After ML Improvement / Observation
(Ensemble)
Decision Time per Application ~30 sec (manual) <5 sec (automated) | —83 % time reduction
Credit Transaction Volume 400M TRY/month 650M TRY/month | +62.5% volume increase
Non-Performing Loan (NPL) Rate 4.00% 2.90% -1.1 pp (27 % drop)
. . Pre-deployment Positive user responses for
Customer Satisfaction (NPS) Bafelii,le +6% BNPL P

An in-depth analysis revealed which behavioral variables drove this performance
improvement. Feature importance analysis confirmed that digital wallet usage with a
linked card was a particularly strong predictor, associated with a 60% lower risk profile.
Furthermore, behavioral segmentation revealed that purchase categories served as
reliable proxies for financial discipline: customers frequently purchasing childcare
products exhibited lower default risk, while frequent cosmetic buyers showed higher
spending volatility and slightly elevated credit risk.

5. Discussion and Conclusion

This study provides clear empirical evidence that incorporating behavioral and
transactional data from e-commerce platforms significantly enhances credit risk
prediction accuracy. The findings directly address the central research question,
revealing that integrating these alternative variables into a hybrid machine learning
model yields an approximately four-point increase in the Gini coefficient, thereby
validating their added predictive value beyond traditional financial data.

The project's primary innovation lies in its execution as a proprietary, in-house solution.
As highlighted in the introduction, this approach directly addresses the limitations of
traditional systems that are often "high-cost, time-consuming, and error-prone." By
developing a local system, we achieved a low-cost, fast, and more accurate credit
assessment system, reducing decision times by 83% and decreasing the NPL rate by
27.5%. This shift from rule-based logic to a dynamic ML ensemble allowed for the
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nuanced capture of financial discipline through variables like BNPL repayment behavior
and digital wallet usage, which emerged as top predictors.

While the ensemble model proved highly effective, the limited standalone power of the
internal behavioral module (Gini = 40.43%) is an important finding. It underscores that e-
commerce data is most powerful as a complement to, not a replacement for, traditional
data, revealing complex patterns that enhance a core financial model.

Future work will focus on maintaining this competitive edge through continuous ML
operations monitoring and extending the framework to new products such as micro-
loans and seller financing. Additionally, a new project is being developed for credit
allocation to merchants operating on the e-commerce company platform. Among these
merchants, individual sellers will be evaluated using the developed scorecard model to
ensure consistent and data-driven risk assessment. This project establishes a validated,
operational blueprint for leveraging digital behavior to build more inclusive, responsive,
and reliable credit systems in the digital economy.
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