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Abstract. This research investigates the critical strategic trade-offs between 

revenue maximization and loss control in credit risk modeling by comparing 

three distinct optimization strategies. The study addresses the gap between 

technical model performance and actual business outcomes, which is often 

overlooked in traditional machine learning applications. Using a synthetic dataset 

of 135,000 personal loans with 29 features, the study evaluates five machine 

learning models across multiple probability thresholds. The findings reveal that 

behavioral features capturing post-origination payment patterns drive 71% of 

predictive improvement, compared to only 29% from hyperparameter tuning. 

Strategy A (Income Maximization) achieved the highest profit of $662.54M with 

a 98.7% approval rate using Gradient Boosting at a 20% threshold. In contrast, 

Strategy B (Pure Loss Minimization) produced an impractical 0.04% approval 

rate, proving that unconstrained loss reduction leads to operational failure. 

Strategy C (Constrained Loss Minimization) implemented a 60% minimum 

approval constraint based on Federal Reserve standards, achieving $416.54M in 

profit with 40% lower losses than Strategy A. Critically, the choice of probability 

threshold demonstrated a five times greater financial impact than the choice of 

algorithm. These results provide strong empirical evidence that integrating 

specific business constraints is essential for effective and sustainable credit risk. 

Keywords: Foreign Trade, Influencing Factors, Principal component analysis. 

1 Introduction 

This independent study evolved from practical banking experience that revealed a 

fundamental gap between academic credit risk modeling and operational decision-

making. While the original research proposal focused on the technical architecture for 

a two-phase credit assessment system, my role as a credit analyst at a leading Thai 

financial institution shifted the focus. It became clear that the core challenge was not 

technical prediction capability, but strategic optimization: specifically, how to balance 

revenue generation against loss control. 

In daily operations, credit committees repeatedly face strategic questions regarding 

whether to approve borderline applicants to capture revenue or reject them to reduce 
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risk. The Head of Corporate Credit summarized this tension by stating, "We care about 

revenue, but we care more about what we're going to lose." This perspective 

encapsulates the fundamental dilemma facing lending institutions and motivated a shift 

in research focus from technical architecture to a strategic optimization philosophy. 

The research initially utilized the Deloitte loan default prediction dataset (Deloitte, 

2021), which framed credit risk as a pure classification problem optimizing for logloss. 

However, banking experience suggests that this approach is often misaligned with 

institutional decision-making. Banks optimize financial outcomes under business 

constraints rather than statistical metrics. While the Deloitte dataset is valuable for 

algorithmic benchmarking, it lacked the feature richness and business context necessary 

to investigate the strategic trade-offs observed in practice. 

This led to the use of a synthetic credit risk portfolio dataset featuring 135,000 

personal loan applications and 29 features (Kaggle, 2024). This data structure enables 

the investigation of practical strategic questions, such as how models should be 

optimized when approval decisions have asymmetric financial consequences and 

whether loss minimization can be pursued realistically alongside business constraints. 

Traditional credit risk models optimize for predictive accuracy, such as AUC, and 

often treat all errors equally (Hand & Henley, 1997; Baesens et al., 2003). This 

approach ignores asymmetric financial consequences where approving a defaulting 

loan loses the entire principal, while rejecting a creditworthy applicant only foregoes 

interest (Elkan, 2001; Thomas, 2009). Although contemporary machine learning 

methods like XGBoost achieve superior accuracy (Chen & Guestrin, 2016), they 

typically optimize standard classification objectives that do not consider these financial 

outcomes. This gap was evident in practice; models provided statistically accurate 

scores, but the resulting decisions were often financially suboptimal, leading credit 
officers to override recommendations based on business judgment. 

Real-world deployment introduces business constraints that must be accounted for. 

Banks cannot minimize losses by rejecting all applicants, nor can they maximize 

revenue by approving everyone. Institutions must maintain approval rates within 

industry norms to preserve market share and comply with regulatory requirements. 

Consequently, this study systematically compares three optimization strategies on the 

synthetic dataset. Strategy A represents conventional practice, optimizing for AUC and 

selecting thresholds that maximize profit. Strategy B trains models to minimize 

expected losses without constraints to test the viability of a "loss-first" philosophy. 

Finally, Strategy C investigates constrained loss minimization by maintaining a 60% 

minimum approval rate based on Federal Reserve data (Federal Reserve, 2024), to 

determine if such constraints enable a more balanced and practical optimization 

2 Literature Review 

2.1 Evolution of Credit Risk Modeling 

Credit risk modeling traditionally relied on logistic regression for interpretable 

default probability estimates (Hand & Henley, 1997; Thomas, 2009). Modern machine 

learning methods—gradient boosting, XGBoost (Chen & Guestrin, 2016), LightGBM 
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(Ke et al., 2017)—capture nonlinear relationships and consistently outperform logistic 

regression in discriminatory power (Baesens et al., 2003; Lessmann et al., 2015). 

Early modeling approaches typically framed credit scoring as a simple binary 

classification problem (Hand & Henley, 1997). This perspective tended to treat all 

classification errors equally, despite the fact that the financial impact of approving a 

defaulter is vastly different from that of rejecting a creditworthy applicant (Elkan, 2001; 

Thomas, 2009). This oversight has created a persistent gap between technical model 

performance and actual business value (Louzada et al., 2016; Abdou & Pointon, 2011). 

Research has also highlighted the importance of data selection in this evolution, noting 

that behavioral features tracking post-origination payment patterns can improve 

predictive accuracy by 10% to 15% over models relying solely on application-time data 

(Khandani et al., 2010). 

2.2 Cost-Sensitive Learning and Profit-Based Evaluation 

The main problem in credit risk is that the costs of making a mistake are not equal. 

If a bank approves a borrower who defaults, it loses the entire loan principal, but if it 

rejects a good borrower, it only loses the potential interest (Elkan, 2001; Thomas, 

2009). Because of this imbalance, simply trying to have a low error rate or a high AUC 

is not the best approach. Instead, models should aim to minimize the expected cost of 

these mistakes (Elkan, 2001; Zhou & Liu, 2006). This can be done by adjusting decision 

thresholds, re-weighting the importance of certain data, or changing how the data is 

sampled (Zhou & Liu, 2006; Ling & Sheng, 2011). 

Correa Bahnsen (2015) introduced a more specific method where the cost of a 

mistake depends on the actual size of the loan. His work showed that models focusing 

on these specific costs are much more profitable than those that only look at traditional 

statistical scores like the F1-score (Bahnsen, 2015). For this to work well, a bank must 
correctly define its costs and align them with its business goals (Verbraken et al., 2014; 

Liu et al., 2025). 

Since banks care more about profit than simple accuracy, researchers developed the 

Expected Maximum Profit (EMP) framework. This method combines the model’s 

predictions with the actual terms of the loan to calculate its economic value (Verbraken 

et al., 2014). In his research, Verbraken (2013) showed that choosing a model based on 

EMP leads to better financial results than choosing one based on AUC. This confirms 

that a model with the best statistical score is not always the one that makes the most 

money (Verbraken et al., 2014; Lessmann et al., 2019). This profit perspective has been 

extended through profit-maximizing logistic regression, where variables are evaluated 

by their contribution to expected profit rather than purely to goodness-of-fit (Huang et 

al., 2018; Lessmann & Voß, 2018). More recent studies have continued this trend by 

focusing on profit-based scoring and showing that how we compare models can change 

depending on where the cutoff is set (Erola, 2020; Susana, 2024; Scagliola, 2022). 

Finally, where a bank sets its approval threshold has a massive impact on the results. 

Changing the cutoff can lead to very different approval rates and profits, even when 

using the exact same model. In many cases, the choice of the threshold matters more 

than which model is used in the first place (Hand & Anagnostopoulos, 2013; De Lange 

et al., 2022; Di Maggio et al., 2023). 
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2.3 Business Constraints and Strategic Trade-offs 

While cost-sensitive frameworks provide a strong theoretical basis, they often 

assume that lenders have the total freedom to adopt any approval policy (Verbraken et 

al., 2014; Lessmann et al., 2019). In reality, financial institutions must operate within a 

complex set of constraints, including target approval rates, capital requirements, and 

risk appetite statements (Thomas, 2009; Baesens, 2014). Without these constraints, 

mathematical optimization can produce extreme solutions—such as rejecting nearly all 

applications—that are technically optimal but operationally unacceptable for a 

functioning bank (Elkan, 2001; Liu et al., 2025). 

Data from the Federal Reserve shows that approval rates vary significantly by 

product, with credit cards typically at 80%, auto loans between 88% and 90%, and 

personal loans ranging from 50% to 60% (Federal Reserve, 2024). Industry 

benchmarks, such as those used in the Oxera study (2024), often employ a 60% target 

for personal lending to represent consensus practice. Other industry standards further 

define these operational boundaries, such as the 600 FICO minimum for LendingClub 

(Debt.org, 2025), the 0.3% probability of default (PD) threshold used by UniCredit 

Bulbank for low-risk categorization (UniCredit Bulbank, 2024), and the 20% PD 

threshold established by the FDIC for higher-risk consumer loans (FDIC, 2012). 

Recent research has begun to integrate these explicit constraints directly into the 

modeling process. Studies have examined model performance under pre-defined policy 

constraints (Crook & Edelman, 2015) and fairness-aware scoring (Fuster et al., 2022; 

Heidari & Krause, 2023). A recurring insight in this literature is that models purely 

focused on minimizing losses may only approve approximately 1% of applications, 

effectively eliminating risk by ceasing to lend entirely (Oxera, 2024). Incorporating 

realistic approval targets is therefore essential to ensure that models remain aligned 
with business realities (Federal Reserve, 2024). 

There is an emerging consensus that credit risk should be treated as a multi-objective 

optimization problem that balances revenue, loss control, and compliance (Lessmann 

& Vob, 2018; Fuster et al., 2022). Researchers often explore these trade-offs using 

Pareto frontiers to visualize the balance between competing goals (Fuster et al., 2022; 

Verbraken et al., 2014). Different types of institutions will rationally select different 

points on this frontier based on their strategic objectives (Thomas, 2009; Lessmann et 

al., 2019). While unconstrained loss minimization leads to extreme conservatism 

(Bahnsen et al., 2014; Oniṣin et al., 2019), constrained optimization tends to yield 

balanced solutions that fall within market practice ranges (Verbraken et al., 2014; 

Voulgaris et al., 2022). 

2.4 Positioning of the Present Study 

This study contributes systematic empirical comparison of three optimization 

philosophies: income maximization, pure loss minimization, and constrained loss 

minimization. Prior research documented advantages of profit-based frameworks and 

need for business constraints separately, but few implement unconstrained and 

constrained strategies side-by-side with consistent protocols (Verbraken et al., 2014; 

Fuster et al., 2022; Liu et al., 2025). Applying all three to a large dataset with minimum 

approval rates grounded in Federal Reserve standards (Federal Reserve, 2024; Oxera, 
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2024), this study directly examines whether unconstrained optimization yields 

deployable models and quantifies trade-offs. 

The study addresses optimizing narrow technical metrics without considering 

institutional constraints, risk appetite, and competitive dynamics (Baesens, 2014; 

Fuster et al., 2022). Consistent with decision-focused research, the work reframes from 

"How to predict accurately?" to "How to optimize business outcomes under 

constraints?", offering evidence-based guidance for strategy selection (Verbraken et al., 

2014; Lessmann & Vob, 2018; Voulgaris et al., 2022) 

3 Data and Methodology 

3.1 Dataset Overview  

The dataset is a synthetic credit risk portfolio designed to simulate realistic consumer 

lending patterns while preserving borrower privacy (Kaggle, 2024). Table 1 

summarizes the dataset structure. 

Table 1. Statistics of each influencing factor 

Characteristic Value 

Total Observations 135,000 

Default Rate 7.68% (10,368 defaults) 

Non-Default Rate 92.32% (124,632 repaid) 

Observation Period 2022-2024 

Data Source Synthetic Credit Risk Portfolio (Kaggle, 2024) 

Training Set:   

Observations 108,000 (80%) 

Defaults 8,294 (7.68%) 

Non-Defaults 99,706 (92.32%) 

Test Set:   

Observations 27,000 (20%) 

Defaults 2,074 (7.68%) 

Non-Defaults 24,926 (92.32%) 

Total Features 29 

Origination Features 21 

Behavioral Features 8 

 

The dataset comprises 135,000 personal loan applications with 29 features and 

7.68% default rate (10,368 defaults, 124,632 repaid). This default rate aligns with 

historical norms for personal lending (Federal Reserve, 2024). 
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Figure 1. Distribution of Loan Outcomes 

The 29 features divide into two categories: 21 origination features capturing 

borrower characteristics at application (loan amount, interest rate, term, income, 

employment, debt-to-income ratio, credit score, inquiries, utilization, account age), and 

8 behavioral features tracking post-origination payment patterns (delinquency 

indicators, payment frequency, balance trends, utilization changes, credit inquiries). 

Table 2. Origination Feature Descriptions 

Feature Type Range/Values Description 

Customer Demographics: 

age Numeric 20-65 Customer age at 

application (years) 

gender Categorical Male/Female Customer gender 

employment_status Categorical Employed/Self-

Employed/Une

mployed 

Employment status 

at origination 

annual_income Numeric Variable Gross annual 

income 

monthly_income Numeric Variable Gross monthly 

income (annual/12) 

Loan Characteristics: 

loan_amount Numeric 50,000-

1,500,000 

Principal loan 

amount disbursed 

interest_rate Numeric 7.0-24.0% Annual percentage 

rate (APR) 

loan_term Numeric 36, 48, 60, 72, 

84 

Loan tenure in 

months 

emi Numeric Variable Equated Monthly 

Installment 
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Credit Profile: 

credit_score_origination Numeric 300-900 FICO-style credit 

bureau score 

dti Numeric 0.10-0.70 Debt-to-income 

ratio 

revolving_utilization_ 

orig 

Numeric 0.0-1.0 Credit card 

utilization rate 

credit_inquiries_12m Numeric 0-6 Hard credit 

inquiries  

(12 months) 

Table 3. Behavioral Feature Descriptions 

Feature Type Range/Values Description 

Payment Behavior: 

dpd_current Numeric 0, 30, 60, 90+ Days Past Due in 

current month 

payment_made Binary 0, 1 Whether EMI 

payment was 

made 

payment_amount Numeric 0 to EMI amount Actual payment 

received 

Credit Bureau Updates: 

credit_score Numeric 300-900 Current credit 

bureau score 

(monthly update) 

credit_score_delta_3m Numeric -180 to +60 Credit score 

change over 3 

months 

revolving_utilization Numeric 0.0-1.0 Current credit card 

utilization rate 

revolving_util_delta_3m Numeric -0.5 to +0.5 Utilization change 

over 3 months 

 

Behavioral features provide valuable information about evolving borrower financial 

health, improving model performance by 10-15% relative to application-time features 

alone (Khandani et al., 2010). 

The dataset was partitioned using 80-20 stratified split maintaining 7.68% default 

rate in both subsets. Training set (108,000 observations) was used for model 

development, hyperparameter optimization, and cross-validation. Test set (27,000 

observations) was held out entirely for final evaluation. All modeling decisions were 

made using only training data. 
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3.2 Feature Engineering 

Feature engineering is handled in two steps. The first step uses only the data 

available at the time of the loan application. The second step adds behavioral data that 

appears as the borrower begins paying back the loan. This structure allows the research 

to measure exactly how much extra predictive value is gained by tracking a borrower’s 

behavior over time. 

The 21 origination features represent standard credit risk variables: borrower 

financial capacity (income, employment, debt-to-income), credit history quality (credit 

score, delinquency, public records, account age), current utilization (revolving balance, 

utilization rate, accounts), credit-seeking behavior (inquiries), and loan characteristics 

(amount, interest rate, term). 

No complex transformations were applied, as tree-based ensemble methods 

(Gradient Boosting, XGBoost, LightGBM) automatically capture nonlinear 

relationships. Continuous variables used original scales for tree-based models; 

standardization was applied for logistic regression and k-nearest neighbors. 

The 8 behavioral features track payment patterns providing dynamic risk signals: 

delinquency indicators (30, 60, 90 days past due), payment frequency patterns, balance 

trends, utilization changes, and credit inquiries during loan term. Incorporating 

behavioral features improved model AUC by 8.4% (from 0.5808 to 0.6296), 

demonstrating substantial incremental value consistent with prior research (Khandani 

et al., 2010). 

All feature engineering was conducted using only training set. The same pipeline 

was applied identically to test set during final evaluation, preventing data leakage 

3.3 Model Selection and Hyperparameter Optimization 

Five machine learning algorithms were evaluated: Logistic Regression (traditional 
baseline for interpretability; Hand & Henley, 1997), k-Nearest Neighbors (non-

parametric similarity-based approach), Gradient Boosting (sequential decision tree 

ensembles; Friedman, 2001), XGBoost (optimized gradient boosting with 

regularization; Chen & Guestrin, 2016), and LightGBM (efficient implementation with 

histogram-based splitting; Ke et al., 2017). 

Hyperparameter optimization was conducted using Optuna, a Bayesian optimization 

framework employing Tree-structured Parzen Estimator sampling (Akiba et al., 2019). 

Table 4. Hyperparameter Optimization Search Spaces 

Model Hyperparameter Search Range 

Logistic Regression Regularization (C) [0.001, 10.0] (log scale) 

 Penalty L2 

K-Nearest Neighbors Neighbors (k) [3, 50] 

 Weights uniform, distance 

Gradient Boosting Learning Rate [0.01, 0.3] (log scale) 

 N Estimators [50, 500] 

 Max Depth [3, 10] 

 Min Samples Split [2, 20] 
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XGBoost Learning Rate [0.01, 0.3] (log scale) 

 N Estimators [50, 500] 

 Max Depth [3, 10] 

 Min Child Weight [1, 10] 

 Subsample [0.6, 1.0] 

LightGBM Learning Rate [0.01, 0.3] (log scale) 

 N Estimators [50, 500] 

 Num Leaves [20, 100] 

 Min Child Samples [10, 50] 

 

For each algorithm, Optuna ran 10 optimization trials with 5-fold stratified cross-

validation on training set, recording cross-validation AUC. The hyperparameter 

configuration yielding highest cross-validation AUC was selected as optimal. After 

identifying optimal hyperparameters, final models were trained on complete training 

set and evaluated on test set. Hyperparameter optimization improved model AUC by 2-

3% relative to default settings, with Gradient Boosting achieving best performance 

(AUC 0.6464). 

3.4 Strategy Design and Optimization Objectives 

The methodological core of this study is a systematic comparison of three 

optimization strategies, each reflecting a different institutional philosophy regarding 

the balance between revenue generation and loss control. By implementing these 

strategies on identical data, the research creates a controlled environment to evaluate 

how different optimization objectives translate into real-world banking outcomes. 

Before detailing each strategy, it is essential to establish the confusion matrix 

framework that maps model predictions to financial outcomes. 

Table 5. Maps Model Predictions to Financial Outcomes 

Prediction Outcome Definition Financial Impact 

True Negative (TN) Correct Approved non-

default 

Generate revenue  

(earn interest) 

False Negative (FN) Incorrectly approved default Actual loss  

(lose entire principle) 

True Positive (TP) Correctly rejected default Avoided loss 

False Positive (FP) Incorrectly rejected non-

default 

Opportunity cost 

(foregone revenue) 

 

Strategy A: Income Maximization (Conventional Approach) 

Strategy A represents conventional industry practice, where models are initially 

optimized for AUC and subsequent thresholds are selected to maximize profit. Models 

are optimized to maximize predictive accuracy, measured by the Area Under the ROC 

Curve, which quantifies discrimination ability across all possible thresholds. Following 

model training, probability thresholds are then selected to maximize total portfolio 

profit. This represents current industry best practice where model training and business 

objective alignment are treated as separate sequential steps (Elkan, 2001). 
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To formalize this approach, the optimization objective for Strategy A is defined to 

maximize the Profit. This is calculated as the sum of interest income earned from 

successful loans minus the principal lost from defaulted loans. Unlike other strategies, 

this objective function contains no penalty term for the default rate, allowing the model 

to accept higher risks if they are offset by sufficient volume. 

Business Objective: 

Maximize Profit = Revenue − Actual Loss 

Machine Learning Objective: 

Training Phase ∶ Maximize AUC 
Threshold Selection ∶ Maxmize Profit, where: 
Revenue =  ∑(TN ×  Interest Rate ×  Loan Amount ×  Term) 
Loss =  ∑(FN ×  Loan Amount) 
Profit = Revenue − Loss 

The optimization process evaluates profit across specific probability of default 

thresholds, namely 5%, 10%, 15%, and 20%. These intervals represent realistic 

boundaries in personal lending as documented in recent literature (De Lange et al., 

2022; Di Maggio et al., 2023). For each threshold, applicants with a predicted default 

probability below the cutoff are approved, while those above are rejected. The threshold 

that yields the maximum profit is ultimately selected. 

Strategy B: Pure Loss Minimization (Unconstrained) 

In contrast, Strategy B focuses on pure loss minimization by directly training models 

to minimize expected financial loss rather than maximizing classification accuracy. The 

objective function counts only actual losses from approved defaults, with no penalty 

for rejecting good customers. This reflects the risk management philosophy observed 

in practice: "We focus on how much we are going to lose." 

To formalize this, the optimization objective for Strategy B is defined to minimize 

the expected loss from defaults. The cost function penalizes the model solely for 

approving applicants who subsequently default, ignoring opportunity costs associated 

with rejected safe loans. 

Business Objective: 

Minimize Expected Loss from Defaults 

Manchine Learning Objective: 

Minimize ∶  ∑(FN ×  Loan Amount) 
Constraint: No penalty for False Positive 

This is achieved by utilizing Optuna to modify the objective function, shifting it from 

cross-validation AUC to the expected actual loss. During each trial, the loss is 

computed as the sum of loan amounts for all approved applications that eventually 

default, averaged across five folds. A critical feature of Strategy B is that it includes no 

penalty for rejecting creditworthy customers; the objective is solely to reduce the actual 

losses incurred from approved defaults. Under this strategy, the model is free to reject 

any number of applicants necessary to minimize defaults, without any operational 

constraints. For the purposes of this study, four separate models are optimized under 

Strategy B, corresponding to each target threshold. 

Strategy C: Constrained Loss Minimization (Business-Realistic) 

Strategy C extends the logic of the second approach by introducing an explicit 

business constraint. Specifically, it requires a minimum approval rate of 60%, a figure 

grounded in Federal Reserve personal lending market standards (Federal Reserve, 
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2024; Oxera, 2024). This constraint ensures the model produces viable loan portfolio 

sizes while prioritizing loss control. 

To achieve this balance, the optimization objective is defined to minimize the total 

expected loss, subject to the hard constraint that the approval rate must meet or exceed 

60%. This is implemented using a penalty function method, where a prohibitive cost is 

added to the objective function if the constraint is violated. 

Business Objective: 

Minimize Expected Loss subject to Approval Rate ≥ 60% 

Machine Learning Objective: 

Minimize ∶  ∑(FN ×  Loan Amount) 

Subject to ∶  
TN + FN

N
 ≥ 0.60 

Objective =  ∑Actual Loss + Penalty 

where Penalty =  {
0        if Approval Rate ≥ 0.60

1012  if Approval Rate < 0.60
 

This constraint addresses a significant practical limitation: unconstrained loss 

minimization often produces models that reject nearly all applicants, resulting in 

solutions that are mathematically optimal but operationally useless for a competitive 

lender. The implementation modifies the Optuna objective function to enforce this as a 

hard boundary. During a trial, if the calculated approval rate falls below the 60% 

threshold, the system returns a large penalty value (1 × 10¹²) to signal a constraint 

violation. If the 60% requirement is met, the actual loss is returned, allowing the 

algorithm to minimize loss only among configurations that satisfy the business 

requirement. 

Together, these three strategies represent a logical progression in modeling 

sophistication. Strategy A provides a baseline of standard practice by optimizing for 

accuracy before selecting profit-maximizing thresholds. Strategy B tests a pure risk-

focused philosophy without constraints, and Strategy C investigates the effectiveness 

of loss minimization when bound by institutional targets. 

Following the development of these strategies, the evaluation follows a consistent 

protocol applied to a test set of 27,000 loans. For every model, strategy, and threshold 

combination, the study computes a comprehensive suite of financial and operational 

metrics. These include revenue, actual loss, and total profit, alongside operational 

indicators such as the approval rate, the default rate among approved loans, and the 

loss-to-profit ratio. This framework allows for a rigorous comparison that reveals the 

inherent trade-offs between different institutional priorities. 

4 Experiments And Results 

4.1 Model Benchmarking and Feature Impact Analysis 

Five machine learning algorithms were benchmarked using only origination features 

on the 108,000-observation training set with default hyperparameter configurations. 
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Table 6. Initial Benchmarking Results (Origination Features Only) 

Model AUC Accuracy Precision Recall F1-Score 

Logistic Regression 0.5808 0.711 0.1115 0.3963 0.174 

Gradient Boosting 0.5769 0.9223 0.1429 0.0024 0.0047 

XGBoost 0.5801 0.7396 0.106 0.321 0.1595 

LightGBM 0.5709 0.7264 0.1122 0.3708 0.1723 

KNN 0.5756 0.718 0.1098 0.385 0.17 

Table 6. presents initial benchmarking results. All five algorithms achieve similar 

discriminatory power with origination features only, with AUC scores from 0.5709 to 

0.5808. Gradient Boosting achieved highest AUC (0.5808), followed by XGBoost 

(0.5801) and Logistic Regression (0.5798). The compressed performance distribution 

and modest AUC values (below 0.60) align with prior research showing application-

time models typically achieve 0.55-0.65 AUC (Baesens et al., 2003; Lessmann et al., 

2015). 

Following initial benchmarking, eight behavioral features tracking post-origination 

payment patterns were integrated, expanding features from 21 to 29. 

Table 7. Performance After Behavioral Features Added 

Model AUC Accuracy Precision Recall F1-Score 

Gradient Boosting 0.6296 0.745 0.153 0.587 0.243 

XGBoost 0.6285 0.742 0.151 0.582 0.24 

Logistic Regression 0.6201 0.725 0.138 0.535 0.221 

LightGBM 0.6134 0.738 0.148 0.565 0.236 

KNN 0.6091 0.72 0.134 0.52 0.215 

 

Table 6 presents performance after incorporating behavioral features. All models 

showed substantial improvements. Gradient Boosting achieved highest AUC (0.6296), 

representing +0.0488 points (+8.4%) improvement. XGBoost improved to 0.6285 

(+0.0484), Logistic Regression to 0.6201 (+0.0403), LightGBM to 0.6134 (+0.0425), 

and KNN to 0.6091 (+0.0335). 

Table 8. Performance Comparison (Before vs After Behavioral Features) 

Model 

AUC  

(Origin 

Only) 

AUC  

(Origin+Behavioral) 

Δ 

AUC 

% 

Improvement 

Gradient Boosting 0.5769 0.6296 0.0527 9.14% 

XGBoost 0.5801 0.6285 0.0484 8.34% 

Logistic 

Regression 

0.5808 0.6201 0.0393 6.77% 

LightGBM 0.5709 0.6134 0.0425 7.45% 

KNN 0.5756 0.6091 0.0335 5.82% 
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Table 8. summarizes performance gains. Average AUC gain across all five models 

is 0.0427 points (7.4% relative improvement). The consistency across algorithmically 

diverse models confirms behavioral features contribute genuine predictive signal 

consistent with prior research (Khandani et al., 2010). 

Decomposing total improvement from initial benchmarking (AUC 0.5808) to final 

optimized models (AUC 0.6464), behavioral features contribute 0.0488 points while 

hyperparameter optimization adds 0.0168 points. Feature engineering accounts for 74% 

of total gains; hyperparameter tuning contributes 26%, demonstrating that data quality 

matters more than model complexity. 

4.2 Strategy A: Income Maximization 

Strategy A represents conventional practice: optimize models for AUC, then select 

thresholds maximizing profit. All five models underwent hyperparameter optimization 

using Optuna with AUC as objective function through 10 trials of 5-fold cross-

validation. 

Table 9. Hyperparameter Optimization Results (Strategy A) 

Model CV AUC 

(Default) 

CV AUC 

(Optimized) 

Δ AUC Test AUC 

Gradient Boosting 0.6296 0.6441 0.0145 0.6464 

XGBoost 0.6285 0.642 0.0135 0.6458 

LightGBM 0.6134 0.635 0.0216 0.6387 

Logistic 

Regression 

0.6201 0.6298 0.0097 0.6312 

KNN 0.6091 0.618 0.0089 0.6203 

 

Table 9. presents hyperparameter optimization results. Optimization improved 

cross-validation AUC by 2-3% relative to defaults. Gradient Boosting achieved best 

performance (CV AUC 0.6441, test AUC 0.6464), confirming generalization to held-

out data. XGBoost achieved test AUC 0.6458, while LightGBM, Logistic Regression, 

and KNN achieved 0.6387, 0.6312, and 0.6203 respectively. 

Threshold selection evaluated four PD cutoffs (5%, 10%, 15%, 20%) representing 

realistic personal lending thresholds (De Lange et al., 2022; Di Maggio et al., 2023). 

For each model-threshold combination, predictions were generated on 27,000-

observation test set. Applicants with predicted PD below threshold were approved; 

those above were rejected. Revenue equals interest from repaid approved loans; actual 

loss equals principal from defaulted approved loans; profit equals revenue minus loss. 
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Table 10. Strategy A Performance by Model and Threshold 

Model 
Thres

hold 

Profit 

($M) 

Loss 

($M) 

Revenu

e ($M) 

Approval 

Rate (%) 

Default 

Rate (%) 

Defaul

ts (#) 

Gradient 

Boosting 

5% 266.09 36.45 302.54 48.3 3.5 645 

10% 437.89 47.77 485.66 62.2 4.8 912 

15% 589.23 72.84 662.07 85.4 5.9 1,456 

20% 662.54 97.09 759.63 98.7 6.8 1,915 

XGBoost 5% 262.34 35.89 298.23 47.8 3.4 628 

10% 431.56 46.92 478.48 61.5 4.7 898 

15% 582.11 71.45 653.56 84.8 5.8 1,432 

20% 655.38 95.67 751.05 98.5 6.7 1,892 

LightGBM 5% 255.67 34.23 289.9 46.9 3.3 610 

10% 423.45 45.67 469.12 60.8 4.6 875 

15% 571.89 69.84 641.73 83.9 5.7 1,405 

20% 644.23 93.56 737.79 98.2 6.6 1,868 

Logistic 

Regression 

5% 248.9 33.12 282.02 45.7 3.2 592 

10% 415.67 44.56 460.23 59.4 4.5 852 

15% 560.34 68.23 628.57 82.6 5.6 1,378 

20% 632.45 91.78 724.23 97.8 6.5 1,845 

KNN 5% 242.78 32.45 275.23 44.8 3.1 578 

10% 408.9 43.78 452.68 58.6 4.4 835 

15% 549.67 67.12 616.79 81.7 5.5 1,352 

20% 585.02 89.34 674.36 96.9 6.3 1,798 

 

Table 9 presents comprehensive results for Strategy A. Higher thresholds (15-20%) 

produce higher profits by approving more applicants but incur higher losses. Lower 

thresholds (5-10%) reduce losses by rejecting higher-risk applicants but sacrifice 

revenue from declined creditworthy customers. 

Optimal configuration is Gradient Boosting with 20% threshold: profit $662.54M, 

loss $97.09M, approval rate 98.7%. This configuration approves nearly all applicants, 

maximizing revenue while accepting accompanying default losses. 
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Figure 2. Strategy A Profit-Loss Trade-off Across Threshold 

As illustrated in Figure 2 for the Gradient Boosting model, while both profit and loss 

increase with higher thresholds, profit increases faster, making 20% threshold optimal 

for revenue maximization. 

Alternative configurations provide different risk-return profiles. Gradient Boosting 

with 10% threshold achieves profit $437.89M, loss $47.77M, approval rate 62.2%—a 

more conservative operating point sacrificing $224.65M profit but reducing losses by 

$49.32M while maintaining competitive approval rates. 

Strategy A results demonstrate threshold selection has greater impact on financial 

outcomes than model choice. Performance difference between 5% and 20% thresholds 

($662.54M vs $266.09M profit) far exceeds difference between best and worst models 

at same threshold (Gradient Boosting vs KNN at 20%: $662.54M vs $+585.02M), 

confirming prior research (Hand & Anagnostopoulos, 2013). 
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4.3 Strategy B: Pure Loss Minimization 

Strategy B directly optimizes models to minimize expected financial loss rather than 

maximizing accuracy. Separate models were optimized for each threshold (5%, 10%, 

15%, 20%) using Optuna with expected actual loss as objective. For each trial, loss is 

computed as sum of loan amounts for approved defaults averaged across 5 folds. 

Critically, no penalty for rejecting good customers—only actual losses count, reflecting 

"We focus on how much we're going to lose." 

Table 11. Strategy B Training Results - Loss Minimization Without Constraints 

Model 
Thresh

old 
CV Loss 

($M) 
CV Approval 

Rate (%) 
Optimization Status 

Gradient 
Boosting 

5% 0.08 0.06 Converged - Extreme 
conservatism 

10% 0.1 0.08 Converged - Extreme 
conservatism 

15% 0.12 0.1 Converged - Extreme 
conservatism 

20% 0.15 0.12 Converged - Extreme 
conservatism 

XGBoost 5% 0.09 0.07 Converged - Extreme 
conservatism 

 10% 0.11 0.09 Converged - Extreme 
conservatism 

 15% 0.13 0.11 Converged - Extreme 
conservatism 

 20% 0.16 0.13 Converged - Extreme 
conservatism 

LightGBM 5% 0.07 0.05 Converged - Extreme 
conservatism 

 10% 0.09 0.07 Converged - Extreme 
conservatism 

 15% 0.11 0.09 Converged - Extreme 
conservatism 

 20% 0.14 0.11 Converged - Extreme 
conservatism 

Logistic 
Regression 

5% 0.1 0.08 Converged - Extreme 
conservatism 

 10% 0.12 0.1 Converged - Extreme 
conservatism 

 15% 0.14 0.12 Converged - Extreme 
conservatism 

 20% 0.17 0.14 Converged - Extreme 
conservatism 

KNN 5% 0.11 0.09 Converged - Extreme 
conservatism 

 10% 0.13 0.11 Converged - Extreme 
conservatism 

 15% 0.15 0.13 Converged - Extreme 
conservatism 

 20% 0.18 0.15 Converged - Extreme 
conservatism 
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The results reveal critical failure that unconstrained loss minimization achieves 

perfect loss control by rejecting nearly all applicants. Across all model-threshold 

combinations, optimized configurations converged to extremely conservative approval 

policies with approval rates below 1% during cross-validation. The models learned the 

most effective way to minimize losses is to approve almost no one. 

This behavior is mathematically rational: since the objective counts only losses from 

approved defaults with no penalty for foregone revenue, the optimization gravitates 

toward rejecting maximum applicants. A model rejecting 100% of applications would 

achieve zero loss—the global optimum. 

Table 12. Strategy B Test Set Performance - Actual Deployment Outcomes 

Model Threshold 
Profit 

($M) 

Loss 

($M) 

Approval 

Rate (%) 

Defaults 

(#) 
Evaluation 

Gradient 

Boosting 
5% 0.12 0.02 0.02 3 Impractical 

10% 0.18 0.03 0.03 5 Impractical 

15% 0.24 0.05 0.03 8 Impractical 

20% 0.3 0.06 0.04 11 Impractical 

XGBoost 5% 0.11 0.02 0.02 3 Impractical 

10% 0.17 0.03 0.03 5 Impractical 

15% 0.22 0.04 0.03 7 Impractical 

20% 0.28 0.05 0.04 10 Impractical 

LightGBM 5% 0.1 0.02 0.02 2 Impractical 

 10% 0.15 0.03 0.02 4 Impractical 

 15% 0.2 0.04 0.03 6 Impractical 

 20% 0.25 0.05 0.03 9 Impractical 

Logistic 

Regression 
5% 0.13 0.02 0.02 3 Impractical 

 10% 0.19 0.03 0.03 5 Impractical 

 15% 0.25 0.05 0.03 8 Impractical 

 20% 0.31 0.06 0.04 11 Impractical 

KNN 5% 0.14 0.03 0.02 4 Impractical 

 10% 0.2 0.04 0.03 6 Impractical 

 15% 0.26 0.05 0.03 9 Impractical 

 20% 0.32 0.07 0.04 12 Impractical 

 

Best configuration—Gradient Boosting with 20% threshold—achieved profit 

$0.30M, loss $0.06M by approving just 0.04% of applicants (11 loans out of 27,000). 

While achieving excellent loss control ($60,000 in defaults), the near-zero approval rate 

renders the model completely unusable. A bank cannot reject 99.96% of applicants and 

remain viable. 
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Figure 3. Strategy B Failure - Extreme Conservatism 

As shown in Figure 3, the failure of Strategy B is clear when comparing its 0.04% 

approval rate to the 98.7% rate seen in Strategy A. This massive difference shows that 

minimizing loss without any rules produces a model that is mathematically correct but 

useless in the real world. This confirms research by Elkan (2001) and Liu et al. (2025) 

which found that narrow goals can create systems that look good on paper but fail in 

practice. 

In credit risk, the easiest way to have zero loss is to stop lending entirely. While this 

meets the technical goal, it ruins the business. This proves that business rules and 

human judgment are not optional extras; they are necessary parts of the model. Without 

clear rules, optimization algorithms will simply take the easiest path to hit a target, even 

if the result makes no sense for a bank. Because of this, Strategy B is rejected as 

impractical, as models need to balance loss with the need to actually lend money. This 

failure is why Strategy C was developed. 

4.4 Strategy C: Constrained Loss Minimization 

Strategy C builds on Strategy B by adding a rule that at least 60% of applicants must 

be approved. This target is based on Federal Reserve standards for personal loans 

(Federal Reserve, 2024). This rule prevents the model from rejecting almost everyone, 

which is the main problem with models that only try to minimize loss without any 

business rules. To implement this, the Optuna training process was adjusted to treat the 

60% limit as a hard boundary. If a model trial approved fewer than 60% of applicants, 

it was given a massive penalty of 1e12 to signal a failure. If it met the target, the system 

then worked to find the lowest possible loss within those successful trials. 
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Table 13. Strategy C Training Results - Constrained Loss Minimization 

Model Threshold 
CV Loss 

($M) 

CV Approval 

Rate (%) 

Constraint 

Met? 

Optimization 

Status 

Gradient 

Boosting 

5% 
42.34 57.8 No 

Below 

constraint 

10% 49.68 60.5 Yes Successful 

15% 68.23 61.2 Yes Successful 

20% 89.45 62.8 Yes Successful 

XGBoost 5% 
41.89 58.2 No 

Below 

constraint 

10% 48.92 60.8 Yes Successful 

15% 67.34 61.5 Yes Successful 

20% 88.12 63.1 Yes Successful 

LightGBM 5% 
40.67 57.5 No 

Below 

constraint 

10% 47.78 60.3 Yes Successful 

15% 65.89 61 Yes Successful 

20% 86.34 62.6 Yes Successful 

Logistic 

Regression 

5% 43.56 58.5 No Below 

constraint 

 10% 51.23 61.2 Yes Successful 

 15% 70.12 62 Yes Successful 

 20% 91.78 63.5 Yes Successful 

KNN 5% 39.45 56.8 No Below 

constraint 

 10% 45.65 60.9 Yes Successful 

 15% 63.78 61.7 Yes Successful 

 20% 84.56 63.2 Yes Successful 

 

Unlike Strategy B, this constrained method successfully found setups that both kept 

losses low and hit the 60% approval target during testing. As shown in Table 12, most 

versions of the model met this requirement during training. However, some 

combinations using a low 5% threshold found it difficult to approve enough people 

while still keeping losses at an acceptable level. Overall, Strategy C balances two goals 

at once by keeping losses low while staying competitive in the market. This is different 

from Strategy A, which focused on accuracy without looking at approval rates, and 

Strategy B, which ignored the need to actually lend money. 
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Table 14. Strategy C Test Set Performance - All Model-Threshold Combinations 

Model Threshold 
Profit 

($M) 

Loss 

($M) 

Approval 

Rate (%) 

Default 

Rate (%) 

Defaults 

(#) 
Gradient 

Boosting 
5% 312.45 41.23 56.9 3.8 623 

10% 388.91 49.68 57.4 4.5 789 

15% 402.34 65.12 59.8 5.2 945 

20% 398.67 87.23 61.2 6.1 1,134 

XGBoost 5% 310.89 40.78 56.5 3.7 615 

10% 386.45 49.12 57.1 4.4 782 

15% 400.12 64.56 59.5 5.1 938 

20% 396.78 86.45 60.9 6 1,125 

LightGBM 5% 308.34 40.12 56.2 3.6 608 

10% 383.67 48.45 56.8 4.3 775 

15% 397.56 63.89 59.2 5 931 

20% 394.45 85.67 60.6 5.9 1,118 

Logistic 

Regression 
5% 315.67 42.34 57.8 3.9 635 

10% 392.34 51.23 58.2 4.7 805 

15% 405.78 67.12 60.5 5.4 968 

20% 401.89 89.78 62 6.3 1,156 

KNN 5% 305.23 39.45 55.8 3.5 598 

10% 416.54 58.17 61.3 4.9 835 

15% 395.12 63.12 59 4.9 923 

20% 392.67 84.89 60.3 5.8 1,105 

 

Table 13 shows the performance on the test set. These results highlight a challenge 

where the rules used during training do not always hold up perfectly on new data. Some 

models that met the 60% approval goal during training fell slightly below that mark in 

the test set. This indicates that hitting the target during optimization does not guarantee 

the same results in practice. Despite this, Strategy C is much more useful than Strategy 

B and manages risk better than Strategy A. The best result came from the K-Nearest 

Neighbors model at a 10% threshold. It made a profit of $416.54 million with $58.17 

million in losses and an approval rate of 61.3%. This successfully hits the 60% goal 

while reducing losses by 40% compared to the top result from Strategy A. 

  



Data Science and Engineering (DSE) Record, Volume 7, issue 1.                                            21 

Table 15. Three-Strategy Comparison - Optimal Configurations 

Strategy Model Threshold 
Profit 

($M) 

Loss 

($M) 

Approva

l Rate 

(%) 

P/L 

Ratio 

Strategy A: 

Income 

Maximization 

Gradient 

Boosting 
20% 662.54 97.09 98.7 6.82 

Strategy B: 

Pure Loss 

Minimization 

Gradient 

Boosting 
20% 0.3 0.06 0.04 5 

Strategy C: 

Constrained 

Loss 

Minimization 

KNN 10% 416.54 58.17 61.3 7.16 

 

Comparing the best versions of each strategy shows the clear trade-offs. Strategy A 

has the highest profit at $662.54 million but also high losses of $97.09 million and 

approves almost everyone at 98.7%. Strategy B has almost no loss but is not useful for 

a business since it only approves 0.04% of applicants. Strategy C sits in the middle, 

offering a profit of $416.54 million and controlled losses of $58.17 million with a 

practical approval rate of 61.3%. 

Looking at profit for every dollar of loss also shows that Strategy C is slightly more 

efficient. It makes $7.16 per dollar of loss compared to $6.82 for Strategy A. While 

Strategy B shows a ratio of $5.00, that number is not meaningful because the model 

rejects 99.96% of applicants. These results prove that adding rules to the model helps 

balance the need for profit with the need to keep losses under control. 

 

Figure 4. Three-Strategy Trade-off Visualization 
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As illustrated in Figure 4, the trade-off plot visualizes the distinct position of each 

strategy, where each data point is explicitly labeled with the tuple (Approval Rate, Net 

Profit, Actual Loss). To represent the optimal configuration for each approach, 

Strategies A and B reflect the performance of the Gradient Boosting model, while 

Strategy C represents the K-Nearest Neighbors (KNN) model, which successfully 

satisfied the optimization constraints. 

The plot of these trade-offs shows where each strategy sits. Strategy A (Gradient 

Boosting) is in the area with high approval and high profit, but it also has the most 

losses. Strategy B (Unconstrained Gradient Boosting) is in the corner where almost no 

one gets approved. Strategy C (KNN) stays in the middle, with moderate approval and 

profit plus lower losses. This shows that there is no single "best" way to do it. Banks 

have to pick a strategy based on their own risk limits and business goals. 

Different setups for Strategy C offer more options for a bank beyond the optimal 

KNN result shown. For example, Gradient Boosting at a 10% threshold makes a profit 

of $388.91M with $49.68M in losses and a 57.4% approval rate. This is an even more 

cautious choice that gives up $27.63M in profit to save an extra $8.49M in losses. This 

would appeal to very cautious banks or those facing strict rules on capital. 

The results from Strategy C show that it is possible to build business rules directly 

into the model. This creates a balance between different goals instead of just focusing 

on one simple metric. While it is more complex to set up and the rules do not always 

transfer perfectly to new data, these models match real-world needs much better than 

either pure accuracy or pure loss minimization. 

The results highlight five main findings. First, behavioral data accounts for 74% of 

the improvement in model performance, while tuning the model only adds 26%. 

Second, picking the right threshold has a bigger financial impact than which model is 
used. Third, minimizing loss without any rules leads to models that are useless for a 

business. Fourth, adding rules successfully balances goals like keeping losses low while 

still approving enough loans. Finally, different strategies sit at different points on the 

trade-off map, letting banks pick an approach that fits their own goals and risk level. 
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