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Abstract: This article presents a step‑by‑step framework for developing an interpretable 

scorecard for retail credit‑risk assessment in banks and financial institutions, and validates the 

approach on a fully synthetic consumer‑lending dataset. The model is an integration of 

Weight‑of‑Evidence & Information Value (WoE & IV) binning, machine learning algorithm – Lasso 

(L1) Regularized Logistic Regression, model‑risk supervision, statistical metrics such as Roc-auc & 

Gini and Confusion Matrix. The testing dataset demonstrates ROC‑AUC of 86% and a 72% Gini 

uplift generalization over a rule‑based benchmark. The final result is a ready credit scorecard 

illustrating the distribution of points assigned to the background features of a customer applying for 

a loan. 

Keywords: credit scoring, scorecard, synthetic data, weight of evidence & information values, 

regularized logistic regression, explainable AI, machine learning, NPL, AR 

Introduction and contribution 

Banks, buy-now-pay-later (BNPL) organizations and financial institutions rely heavily on 

credit‑scoring models to distinguish between low and high-risk applicants. High-risk is followed by 

a customer going default on the borrowed loan and low-risk assures a customer will pay-off. 

Therefore, credit-scoring models are the key component to decrease Non-performance loan (NPL) 

and increase Approval Rate (AR). While traditional rule-based approaches are still in use, 

scorecard‑style models demonstrated superiority for their transparency and ease of governance that 

are crucial when trying to report on stakeholders the logic behind the decision-making of the model. 

This article delivers two complementary contributions: (i) a reproducible, end‑to‑end 

framework for building professional credit scorecards, and (ii) a full analysis on the synthetic dataset 

that represents real‑world consumer‑financial features. 

The framework was personally developed by the author based on prior experience as a Senior 

Manager in AI at Tenge Bank (Halyk Group), where similar scorecard models were designed and 

deployed in live risk-assessment pipelines. 
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𝑃 bad 

Framework: building a transparent scorecard 

Data requirements and preparation 

The very first step in approving a customer’s request for a loan is choose based on what criteria 

to score them. It strongly varies from a country to a country and from a region to a region. 

However, for this survey features that are common almost everywhere had been chosen. That 

included: age, official income, credit history, number of registered real estates and number of 

registered vehicles. These feature data had been generated syntactically by generative AI based on 

the real behavior of the similar open source data available on the web. The next step was to prepare 

the data that included putting it into a dataset of rows (number of samples) and columns (number of 

features) as well as cleaning the dataset: missing-value imputation, outlier treatment, removing 

duplicates. The target of a value 1 were assigned to the datapoints with the days past due (DPD) over 

90 and correspondingly 0 to the ones below 90. The final number of the datapoints were equal to 

90000. 

Binning, WOE & IV 

The Weight of Evidence (WOE) gives the predictive ability of an independent variable X (input 

feature) in relation to the dependent variable Y (target). WOE demonstrates if a particular class of an 

independent variable has a higher distribution of good or bad customers. Good customers are the ones 

who paid back their loan on time and bad customers have defaulted on it. WOE is calculated using 

the following formula: 

𝑃good 

WoE𝑖 = ln ( 𝑖 ) 

  𝑖 

In the survey, first, each not-categorical feature input was divided into bins that created their 

own class. Using the WOE formula values were calculated for each class. The positive WOE values 

denoted the distribution of good > distribution of bad and vice versa for the negative WOE values. 

Next, Information Value were assigned to each class by using the following formula: 

𝑛 

IV = ∑ (WoE × (𝑃good − 𝑃bad)) 

𝑖 𝑖 𝑖 

𝑖=1 

The bins had been compressed until they reached a general trend that is if a monotonic trend of 

WOE values in ascending or descending order were observed. The categorical features were 

converted into WOE values as well having the number of categories and bins equal. Although, 

missing values had been dealt with in the previous steps, some might still occur during the next steps. 

In such cases WOE groups missing values into a class as well. Observing the derived Information 
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Values, it had been made sure that all the features had high values enough to be used for modeling. 

Common IV range and their corresponding predictive power of the variable is illustrated in the next 

table: 

Table 1. Information Value impact 

Information Value (IV) Predictability of Target 

X < 0.02 No impact predictor 

0.02 <= X < 0.10 Weak predictor 

0.10 <= X < 0.30 Medium predictor 

0.30 <= X < 0.50 Strong predictor 

>= 0.50 Potential data leakage 

 

Further step included transforming the original dataset into the WOE values obtained. 

Model estimation and regularization 

The dataset was split into 80% training and 20% test sets. Also, It had been made sure that the 

classes in each set were balanced, equally weighted and stratified. Then, an ℓ₂ (Lasso) regularized 

Logistic Regression, with the equation below, were trained on the training set with the hyper-

parameters chosen via five-fold cross-validated ROC-AUC. 

 

 

 

Figure 1. Credit score-card 
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Having been trained, the testing set showed ROC-AUC of 0.86 and the 0.72 Gini score. 

Score scaling and cut‑off selection 

The coefficients of the trained model were transformed for further score card building using a 

Points‑to‑Double‑Odds (PDO) scheme: 20 points per odds doubling, base score 300 at 50:1 odds. 

This allowed to use these points to fill in the table of the features. Each input feature had its own 

binning and points assigned. The final score card model is illustrated in the following figure: 

When a customer comes to a bank for a loan their input features such as age, official income, 

credit history, number of registered real estates and number of registered vehicles go to the score-

card and based on the binning receive their corresponding points. The points then add up resulting in 

a final score. If the final score exceeds a chosen cut-off (threshold), which is 185 in our case, the loan 

gets approved. However, in case the final score goes below the cut-off the requested loan gets 

rejected. 

Results 

The scorecard achieved ROC‑AUC 0.86 (Gini 0.72) on the test set, outperforming the common 

bank benchmark of ROC‑AUC 0.54. The cut-off of 185 made the score-card model less strict 

allowing for more loan approvals. The built credit score-card is a fully ready tool flexible enough in 

choosing a cut- off with Confusion Matrix that can be deployed by financial institutions and banks. 

Conclusion 

The article provides a reproducible guide for transparent credit‑scorecard development with 

machine learning techniques and WOE & IV. It is valuable for financial institutions and banks to 

enhance risk management, increase Approval Rate, decrease NPL and it shows stakeholders the clear 

logic behind a made decision – approve or reject a loan. 
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