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Typical ML benchmark studies focus on 

• …testing many algorithms

• …on many data sets

• High degree of automatization.

• Low degree of business understanding.

Two years ago… (Bischl, Szepannek and Kühn, 2016)

Typical business applications

• In depth understanding single tasks.

• High degree of business knowledge integration.

• Low degree of automatization.
(Szepannek et al., 2010, 
Bischl et al., 2016)

(cf. Szepannek et al., 2017)

(…cf. e.g. Baesens et al., 
2003, Lessmann et al., 2015, 
Brown and Mues, 2012, 
Szepannek et al., 2008, …)
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Idea of the Project

offers:

• Integration of expert 

business knowledge

in modelling process

• Proper comparison

with existing

standards

Business Requirement

…free access to cutting

edge methodology from

statistics / ML community

EKI
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The scoRe Package: Basic Structure

Coarse Classing

WoE

Shortlist Selection

Scorecard Modelling
& Variable Selection

Scorecard Validation

Allow for: 

• …analysis & visualization

• …manual interaction
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Common misunderstanding: 

Preprocessing builds 1st part of the model!

Requirement of proper definition of objects
and corresponding predict() methods!

…not given by existing implementations.

Heart of the Package: 3 Classes

scorecardwoe

coarse

…several summary and plot methods to allow for an expert analysis & 
knowledge integration. 
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• Initial automatic coarse classing as a starting point

• …by either optimizing IVs

• …or χ² significance tests on differences in BR.

• Output object of class coarse stored.

• …ready for subsequent analysis and expert changements.

Coarse Classing
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Analyzing the Binning

Summary of the results:



Gero Szepannek
Stralsund University of

Applied Sciences

CSCC 2017
Scorecard Modelling

using R 

Analyzing the Binning

Further insights:

Summary of the results:

Example of levels with implicit order. Only manual check 

can indentify inconsistencies here… 
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Analyzing and Modifying Binning

Several utilities to manipulate an 
existing coarse classing model: 

• merge

• split

• rename

• autoimpute and

• restore (!).  
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Weights of Evidence:

• It‘s common practise to use WoEs
(cf. e.g. Siddiqi, 2006, Finlay 2012, Thomas et al., 2002)

• …stand alone R implementation in 
Package klaR (Roever et al., 2014)

• Implementation similar to coarse. 

Short List:

• Preliminary variable exclusions,e.g. by

• IV

• PSI

• Correlations (according to Breiter et al., 2009, Kuhn, 2016)

WoEs and Shortlist Selection
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• (Still) gold standard: Logistic Regression (→ glm() in R, cf. e.g. Sharma, 2008)

• Scorecard: conveniance wrapper around glm object.

• Corresponding predict()and plot() methods.

Scorecard Objects

all advantages of glm,   

including variable selection

(…e.g. BIC).

• Further: use of continuous
characteristics.

• allows for expert analysis (!) 
(several checks implemented)
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• Alternative VS based on marginal information values (Scallan, 2011)

• Choice between variable candidates → expert knowledge integration.

• Tracing the selection process: identifies relevant candidates

• …allows for an easy and intuitive step by step model updating.

Marginal Information
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Marginal Information

• Alternative VS based on marginal information values (Scallan, 2011)

• Choice between variable candidates → expert knowledge integration.

• Tracing the selection process: identifies relevant candidates

• …allows for an easy and intuitive step by step model updating.
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• Currently 13 different performance measures

(not the meaningless standard ones like error rate, precision, …) implemented

for both rank ordering and calibration, e.g.:
• Gini / AUC

• CLs for the Gini (Henking et al., 2006)

• KS

• H-Measure (Hand, 2009)

• partial AUC (Robin et al., 2011)

• EMP (Verbraken et al., 2014)

• Hosmer-Lemeshow test

• Spiegelhalter test

• Brier score 

• …

• …reflects observations weights. 

• …easily extendable by other R packages.

• Additional wrappers for comparing several
measures and models…

List of Implemented Validation Measures
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Model Selection
…based on Multivariate Performance Analysis
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• Proper predict() functions.

• Restore option for manual changes of coarse classing.

• Flexibility w.r.t  using continuous characteristics in the model.

• Interface to arbitrary classification methods (from other packages), score 
scalings and validation measures

• Treatment of numerical attributes

• Reflection of weights (typical after RI) (AUC, KS, WoE)

• Properly documented

• …

Lessons Learned from Existing Shortcomings…
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