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Statistical Credit Scorecards 

STATISTICAL CREDIT SCORECARDS 
A PREDICTIVE MODELING TOOL FOR RISK ESTIMATION 

 

 INTRODUCTION 

In last 25 years, there has been a paradigm shift in credit underwriting from traditional human 
judgement-based approach to more advanced & scientific methods. It is primarily because the 
modern scientific underwriting techniques amalgamate statistics, business concepts and 
technological tools to meet the ever-growing demand for loans, manage fluctuating 
delinquencies cycles, counter increasing competitions and massive push towards 
Digitalization & automation.  

In light of the above, Statistical scorecards have become absolutely vital to achieve effective 
underwriting process. They evaluate the risk associated with a credit applicant. Credit 
scorecard ranks borrowers by their credit worthiness and quantifies borrower’s probability to 
default on payments. It helps in the decision-making process of accepting or rejecting a loan 
(Application scoring) by distinguishing between “good” and “bad” applicant, to predict 
statistical probability of default of customers already on books (Behavioural scoring) and to 
predict the likely amount of debt that the lender can expect to recover (collection scoring).  

 

 WHERE IS IT USED 

Lenders, such as banks and credit card companies, often use statistical credit scorecards to 
evaluate the potential risk posed by money lending and to mitigate losses due to bad debt. 
These scorecards assist in determining who qualifies for a loan, at what interest rate, and what 
credit limits. Also, credit scores are used to identify the customers who are likely to bring in 
the most revenue. 

Credit scoring is not limited to banks. Other organizations, such as telecom players, insurance 
companies and government departments also employ the same techniques. Additionally, 
Fintechs such as online lenders develop their own credit scorecards which use alternative 
data sources to calculate the creditworthiness of borrowers. 
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 BENEFITS OF STATISTICAL SCORECARDS 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

Decrease in  
bad debts 

Reduced  
exposure to  

high-risk accounts 

Determining  
customised credit  

limits, down payments,  
and interest rates 

Ensure equal  
and objective 

treatment  
of each applicant 

Early  
detection of  

risky  
accounts 

Facilitate  
automation of  
underwriting  

process  

Fact-based and  
accurate predictions  
of the credit risk of 

applicants 
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TYPE OF SCORECARDS 
 
  

Assess 
repayment 

capacity and 
attitude of 
applicants  

 Demographic & Financial 
data provided by the 
Customer  

 Behavioural data like 
past payment with 
banks, utilization in 6 
months, time on book 
etc. 

 Credit Bureau variables 
– trade lines, no of loans, 
payment pattern etc. 

 Reject Inferencing – 
finding the odds of 
default on rejected and 
non-cashed population 
through Parcelling 

 An applicant’s 
affordability  

 Potential future 
profitability 

 Higher credit line to high 
score customers 

 Higher pricing to low 
score customers 

Objective Indicative Data Points  Benefits 

Application 
Scorecards 

To monitor 
current & 

potential re-
payment 

performance & 
behaviour of 

existing 
borrowers  

 Balance, credit turnover, 
and debit turnover 

 Trend in number of 
payments missed 

 Times over overdraft or 
credit limit etc. 

 Defaults in last 6 months 
 Bankruptcy filed 

 Prediction of default 
probability for each 
borrower 

 Facilitates in customer 
management decisions 

 Effective customer 
segmentation  

 Preventive measures to 
avert defaults  

 Early warning on losses 
at portfolio level 

To predict  
default 

borrower’s 
propensity to 

repay  

 Customers in each 
default buckets – 30 dpd, 
60 dpd, 90 dpd 

 Portfolio level and 
customer segmentation 

 Payment records and roll 
rate data 

 Macro-economic 
variables – 
unemployment rate, 
NDP etc. 

 Improved collection and 
recovery rates  

 Identification of right 
channel and contact 
strategy for each 
defaulter 

 More efficient collection 
operation 

 Ability to offer a better 
service throughout the 
collections cycle 

Collection 
Scorecards 

Behavioural 
Scorecards 
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SCORECARD BUILDING PROCESS 

Scorecard development is a statistical process which involves multiple steps starting from defining 
business objectives and requirement, defining the right good and bad customer definitions and 
combining multiple datasets of customers internal data like behavior & demographic data, financial and 
external bureau data for scorecards development. It’s a step-by-step and iterative process which 
requires both statistical analytics and business knowledge. Below is process flow for scorecard 
development. 

 

 

 

 

 

 

 

 

  

Objective 

Variable  
Selection 

Good/Bad 
Definition 

Performance 
Window 

Sampling 

(Development/Valid
ation) 

Observation 

Exclusions 

Segmentation 

- Defining business objective 
- Understanding data 

- Defining the exclusions 
- Analysing its impact 
- Waterfall analysis 

- Defining Observation window 
- Data sufficiency analysis 

- Identifying homogeneous segments 
- Decision tree and entropy 

- Formulating good/bad accounts criteria on the basis 
ofdefault analysis and portfolio risk exposures 

- Defining forward looking performance period 
- Roll rate analysis 

- Stratified Random   Sampling - 70/30 Split 
- Matching default rate 

- Clustering 
- Information Value 
- VIF 

Model 
Implementation 

Logistic 
Regression Model 

Model  
Validation 

- Multi-logit regression 
- KS, GINI, AUC 

- Out of time validation 
- K-fold validation  

- Coding the logic implementation in systems 
- Testing the results 



 

 Page | 6 

Statistical Credit Scorecards 

ACQUISITION SCORECARD 
 

Category Characteristics Attributes Points Customer Score 

Payment History 
No. of Months since 
most derogatory 
record 

No Public Records 70 

40 

0-5 10 

6-11 20 

12-23 30 

24+ 40 

No of time 30+ 
days Delinquent 
in last 6 months 

Number of Time 
gone 30+ delinquent 

<0 90 

90 
0-1 50 

1-2 15 

2-3 0 

Outstanding 
Balance 

Outstanding balance 
in Dollar ($) value 

No revolving trade 25 

50 

0 40 

1-100 60 

101-200 55 

201-500 50 

500-1000 25 

1000+ 10 

Month on Book Number of month on 
books 

<6 month 20 

35 
6-12 months 25 

12-18 months 35 

18 months + 45 
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LOGISTIC REGRESSION MODEL 

Logistic regression is a statistical model that in its basic form uses a logistic function to model a 
binary dependent variable, although many more complex extensions exist. In regression analysis, 
logistic regression (or logit regression) is estimating the parameters of a logistic model (a form of 
binary regression). Mathematically, a binary logistic model has a dependent variable with two 
possible values, such as pass/fail which is represented by an indicator variable, where the two 
values are labelled "0" and "1". In the logistic model, the log-odds (the logarithm of the odds) for 
the value labelled "1" is a linear combination of one or more independent variables ("predictors"). 
The independent variables can each be a binary variable (two classes, coded by an indicator 
variable) or a continuous variable (any real value). 

In binary or dichotomous logistic regression, the response variable y 2 {0, 1} follows a Bernoulli 
distribution. The response variable reflects the creditworthiness of the customer: 

 

1, if a customer goes to collection,  
0, if a customer continues to make payments. 

The observations Y = (Y1, . . . , yn) it should be independent, where n indicates the number of the 
observations. This assumption holds for the bank’s dataset: potential customers and their 
characteristics are independent from each other because only one person per household is able to 
receive a loan. 

The logit link function, which is an inverse of the standard cumulative distribution function of the 
logistic distribution, is applied to each component of E(y) that relates it to the linear predictor Xβ, 
where β is a (m + 1) × 1 regression coefficient vector and X is a n × (m + 1) model matrix 
containing n observations of m explanatory variables and a constant term. 

Let pi = P(yi = 1) be the probability of yi = 1 and logit(pi) = log(pi / (1 − pi)) be the logit link function 
for observation i. The logistic regression model has a linear form for the logit: 

 

where xi is a m+1 vector, which contains 1 and m categorical or continuous explanatory variables. 
The probability pi can be derived from equation (3.1) by using the exponential function: 
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CONCLUSION 

Credit scorecards support consistent and objective credit decision making based on empirically derived 
information and deployment of sophisticated modelling techniques. Implementation of a robust and 
accurate in-house & customized scorecards developed with systematic approach such as Logistic 
regression, Decision tree etc. can support in substantially expanding the quality customer base for an 
organization. At the same time, these scorecards reduce the potential credit losses as they have high 
discriminatory capacity between good and bad customers. However, it is important that organization 
rigorously develop and frequently monitor & validate these models to consistently achieve high 
predictability.  

MAXIMUM LIKELIHOOD ESTIMATION 
The goal of logistic regression is to estimate the K +1 unknown parameters β. This is done with 
maximum likelihood estimation which entails finding the set of parameters for which the probability of 
the observed data is the greatest. The maximum likelihood equation is derived from the probability 
distribution of the dependent variable. 

Maximum likelihood estimation is the standard way to estimate a logistic regression model. The 
likelihood function L(β) is the probability for the occurrence of a sample configuration y1, ..., yn given 
the Bernoulli probability density for yi.  In the case of logistic regression 

 
where n is a number of observations, yi is equal to 1 if the customer goes to collection and equal to 0 
otherwise, and pi is defined. The log-likelihood function is 
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