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Weight of evidence (WOE) transformation has been used for several decades in the credit industry. However, despite its 
widespread use, it has, surprisingly, been an overlooked approach in published literature. In this paper, we, therefore, 
investigate what effect WOE transformation has on the discriminatory power of a credit-scoring model. Our results suggest 
that using WOE transformation with logistic regression decreased the discriminatory power across a majority of the 
evaluation metrics compared to the models that did not use WOE transformed variables. Moreover, using an information 
value for variable selection did not provide any benefits over using the backward selection technique. However, applying 
support vector machine, we found mixed results depending on the preferred evaluation metric. Using an information value 
seems to provide some benefits regarding variable selection compared to the recursive feature elimination technique. 

Keywords: Weight of evidence, 
WOE 

1. Introduction

In financial institutions, one of the main business activities is to create 
loans by granting credit. In the past, credit decisions were made based 
on qualitative judgments made by experts, whereas today, they are 
based mostly on statistical credit-scoring models 1 (Marques et al. 
2013 p.1384; Thomas 2000 p.151).  
   A statistical method that has been used for a long time in the credit-
scoring model industry is the weight of evidence 2  (WOE) 
transformation of variables (Abdou 2009 p.11403). WOE 
transformation deals, for example, with missing values in the data and 
allows for variable selection through an information value (IV) that 
can be calculated after variables have undergone WOE 
transformations.     
   The credit-scoring research has, for the most part, focused on 
comparing the discriminatory power, a model's ability to 
discriminate between good and bad loan applicants, of different 
classification techniques (Marvi et al. 2008; Blochwitz et al 2005). 
Some earlier research suggests that neural networks are superior 
compared to other techniques (Tam & Kiang 1992; Desai et al. 1996). 
However, Yobas et al. 2000 compare the model performance of the 
linear discriminant analysis, neural networks, decision trees, and 
genetic algorithms. In their study, the linear discriminant analysis 
performs the best. On the other hand, Ong et al. (2005) use two 
datasets and compare the performance of logistic regression (LogR), 
neural networks, and genetic-programming. Based on their dataset 
they find that genetic algorithms outperform LogR and neural 
networks, but the difference is negligible (Ong et al. 2005 p.46). 
Finlay (2009) compares the performance of generic algorithms to 
LogR and finds that they produce similar results (Finlay 2009 
p.9069). Finally, Zurada et al. (2014) use five datasets and considers 
methods like neural networks, decisions trees, LogR, support vector 
machine (SVM), and k-nearest neighbor. Overall, Zurada (2014) finds 
that no single method consistently outperformed any other method, 
which is consistent when one summarizes the overall results across 
several published papers. 
   Another feature in credit-scoring modeling that has been studied is 
variable selection (e.g., Wang & Huang 2009; Chi & Hsu 2012). For 
example, Bernhardsen & Larsen (2007) used a genetic-programming 
technique to find the optimal explanatory variables. Other statistical 

																																																								
1	A credit-scoring model is defined as a risk management tool that assesses 
the creditworthiness, i.e., the ability to repay the loan, of a loan applicant by 
estimating her probability of default based on historical data (Frenandez Vidal 
& Barbon 2019 p.4).	
2 WOE transforms the values of a variable into discrete categories and assigns 
to each category a unique WOE. If any of the categories has a large proportion 
of defaulters compared to non-defaulters, the WOE value will be large which 
in turn tells us that the category separates the defaulters from non-defaulters 
well (Lin & Hsieh 2014 p.1). 

methods like forward and backward stepwise selection techniques 
have also been used (Abdou & Pointon 2011 p.66). 
   Despite that WOE transformation has been used for several decades 
in the credit industry, it has, surprisingly, been an overlooked 
approach in published literature (Abdou 2009 p.11402). It is 
reasonable to assume WOE may impact the probability of default and 
the model's discriminatory power because it allows for variable 
selection through an IV. It may also cause overfitting of the sample 
data because variable coding is based on the dependent variable and, 
as a result, cause poor performance on the out-of-sample data (Gool et 
al. 2012 p.107). Furthermore, banks play a very critical role in the 
economy and it is of importance for them to have sound credit-rating 
systems  (Elbannan 2017 p. 225).  
   The frequent use of WOE in the industry, the importance of banks 
to have sound models, and the lack of research on the effect on the 
discriminatory power highlights a relevant research area that needs 
more attention. In this paper, we investigate what effect WOE 
transformation has on the discriminatory power of a credit-
scoring model. 
   The dataset used in this study is available at the UCI machine-
learning repository. We found that using WOE transformation with 
LogR decreased the discriminatory power on a majority of the 
evaluation metrics compared to models that did not use WOE 
transformed variables. Moreover, using an IV for variable selection 
did not provide any benefits over using the backward selection 
technique. However, applying SVM, we found mixed results 
depending on the preferred evaluation metric, and using an 
information value seems to provide some benefits regarding variable 
selection compared to the recursive feature elimination (RFE) 
technique. 
   The remainder of this paper is organized as follows. Section 2 
presents WOE. Section 3 presents the data and methods, Section 4 
gives the results and Section 5 presents the conclusions. 

2. Weight of evidence  

The underlying theory of WOE was provided by Good (1950), and 
the expression describes whether the evidence in favor or against 
some hypothesis is more or less strong (Bernardo et al. 1985 p.249; 
Good 1984).  
   The use of WOE involves a transformation of data that requires 
binning, which is a process that transforms a continuous or a 
categorical variable into set groups or bins (Zeng 2014 p.3229). 
According to Siddiqi (2006 p.80), a good binning strategy should 
follow these guidelines: 

1. Missing values should be grouped separately. 
2. A bin should contain ≥ five percent of all observations. 
3. No bin should have zero good or bad loans. 
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It should also, as stated by Good (1969 p.141) and Baesens (2016 
p.116), establish monotonic relationships between the independent 
and dependent variables. However, according to Siddiqi (2006 p.81) it 
is more about establishing a logical (not necessary linear) relationship 
that makes an operational sense. Experimenting with different 
groupings mostly eliminates illogical relationships (Ibid.). 
   The calculation process carried out as follows. Let's say that we 
have a dataset of N independent observations, where Y is a binary 
dependent variable that takes values 1 = default and 0 = not default. 
Let X1,.., Xp be a set of independent variables. Let B1,..,Bk be bins for 
the variable Xj. The WOE for the variable Xj in bin i is then defined as 
 

𝑌 =  1 𝑖𝑓 𝑑𝑒𝑓𝑎𝑢𝑙𝑡        
0 𝑖𝑓 𝑛𝑜𝑡 𝑑𝑒𝑓𝑎𝑢𝑙𝑡                                             (1) 

𝑊𝑂𝐸!" = log(!(!!∈!!|!!!)
!(!!∈!!|!!!)

) 

where 

𝑃 𝑋! ∈ 𝐵! 𝑌 = 1 =  
𝑁!!!"!|!!!
𝑁!!|!!!

= 

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑒𝑓𝑎𝑢𝑙𝑡𝑒𝑟𝑠 𝑖𝑛 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝑋!  𝑖𝑛 𝑏𝑖𝑛 𝐵!
𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑒𝑓𝑎𝑢𝑙𝑡𝑒𝑟𝑠 𝑖𝑛 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒  𝑋!

 

𝑃 𝑋! ∈ 𝐵! 𝑌 = 0 =  
𝑁!!!"!|!!!
𝑁!!|!!!

 = 

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑛𝑜𝑛 − 𝑑𝑒𝑓𝑎𝑢𝑙𝑡𝑒𝑟𝑠 𝑜𝑓 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝑋!  𝑖𝑛 𝑏𝑖𝑛 𝐵!
𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑛𝑜𝑛 − 𝑑𝑒𝑓𝑎𝑢𝑙𝑡𝑒𝑟𝑠 𝑜𝑓 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒  𝑋!

 

WOE measures the strength of each grouped attribute, in separating 
defaulters and non-defaulters, where high negative values are 
equivalent to a high risk of default and vice versa (Siddiqi 2006 p.81).  
   After the WOE transformation, an IV for variable Xj is calculated as 

             𝐼𝑉!! = 𝑃 𝑋! ∈ 𝐵! 𝑌 = 1 − 𝑃 𝑋! ∈ 𝐵! 𝑌 = 0!
!!! ∗𝑊𝑂𝐸!!         (2) 

This IV measures the strength between the dependent and 
independent variables and it is used for variable selection. One rule of 
thumb is that a value < 0.02: is unpredictive, 0.02 to 0.1: is weak, 0.1 
to 0.3: is medium, 0.3 to 0.5: is strong and whereas > 0.5: is a very 
strong prediction (Siddiqi 2006 pp.81-82). In (2), we see that, whereas 
the absolute values of the WOE are important, the difference between 
the WOE values of the groups is crucial to establishing differentiation 
(Ibid). The larger the difference between subsequent groups, the 
higher the differentiation ability of that characteristic becomes (Ibid.). 
   There are several reasons for doing WOE. First, it should establish a 
monotonic relationship to the dependent variable (Good 1969 p.141; 
Baesens et al. 2016 p.116). However, non-monotonic relationship can 
occur, which can be kept as long as the relationship can be explained 
(Siddiqi 2006 p.84). It also deals with missing values and outliers 
conveniently. 
    There are also some drawbacks. First, there may be a loss of 
information (variation) due to the binning procedure. Second, 
correlations between the independent variables are not taken into 
account. For example, there may be a strong correlation between 
some independent variables, which highlights the importance of doing 
data exploration before applying the technique. 

3. Data & methods 

3.1 Data  

We use the Taiwan dataset that is available at the UCI machine-
learning repository. A total of 30,000 observations are included in the 
dataset, along with 24 variables, out of which 23,363 are non-
defaulters. We divide the dataset randomly into two groups, a training 
set with 70 percent of the observations, and a validation set with 30 
percent of the observations. The models are fitted on the training set 
and then evaluated on the validation set. We repeat the 
aforementioned process 50 times and averaging the evaluation metrics 
to mitigate the impact of random sampling on the outcome (James et 
al. 2017 p.178).  

3.2 Model classification techniques & models 

LogR and SVM are used as classification techniques. The purpose of 
choosing two classification techniques is to see if WOE 
transformation behaves differently for each technique. 
   LogR models the probability that the response variable Y belongs to 
a particular category. The probability of default, 𝜋, is defined as 

                                    𝜋 = !
!!!!!!!!!!!⋯!!!!!

                                        (3) 

where 𝑋!,… ,𝑋! are independent variables and  𝛽!,𝛽!,… ,𝛽! are the 
regression coefficients.  
   The SVM is a generalization of the maximal margin classifier 
(James et al. 2017 p.337). The maximal margin classifier constructs a 
hyperplane that is the farthest from the training observations (James et 
al. 2017 p.341). That is, we can compute the smallest distance for the 
training observations; the smallest distance is the minimal distance 
from the observations to the hyperplane and it is known as the margin 
(Ibid.). 
   The support vector classifier (SVC) classifies test observations 
based on which side of a hyperplane they lie on (James et. al 2017 
p.345). The hyperplane is chosen where it separates most of the 
observations correctly, but some observations would be misclassified 
(Ibid). If 𝑀  is the width of the margin, it is the solution to the 
following optimization problem 

                                           maximize 𝑀                                             (4) 
      𝛽!,𝛽!,… ,𝛽! , 𝜖!,… , 𝜖! 

                                𝑠𝑢𝑏𝑗𝑒𝑐𝑡 to 𝛽!! = 1 ,                                           !
! (5) 

                          𝑦!  𝛽! + 𝛽!𝑋!! +⋯+ 𝛽!𝑋!" ≥ 𝑀 𝑛 − 𝜖! ,               (6) 

                                             𝜖!  ≥ 0, 𝜖!  ≤ 𝐶                                              !
!!! (7) 

where 𝐶  is a nonnegative tuning parameter, 𝜖!,… 𝜖!  are slack 
variables (James et al. 2017 p.346).  
    The solution to the problem (4) - (7) involves the inner products of 
two observations. The inner products of two 𝑟 - vectors a and b is 
defined as 𝑎, 𝑏 =  𝑎!𝑏!!

!!!  (James et al. 2017 p.351). Thus the inner 
product of two observations is given by 𝑥! , 𝑥! =  𝑥!" , 𝑥!"!

!!!  (Ibid). It 
can be shown that the SVC can be written as: 

                                           𝑓 𝑥 = 𝛽! + 𝛼! 𝑥, 𝑥!                                         !
!!! (8) 

Because 𝛼! is zero, if the observation is not on the support vector the 
solution function (8) can be written as 

                                         𝑓 𝑥 = 𝛽! + 𝛼! 𝑥, 𝑥! ,!"𝒮                                        (9) 

where 𝒮 is the number of indices on the support points. In the SVM, 
we replace the inner products with a generalization, which takes the 
form K(𝑥! , 𝑥!), where K is some function that we call a kernel (James 
et al. 2017 p.352). When a SVC is combined with a non-linear kernel 
it is called a SVM (support vector machine) and the solution function 
becomes: 

                                          𝑓 𝑥 = 𝛽! + 𝛼!𝐾 𝑥, 𝑥!                                  !"𝒮 (10) 

   Table 1 presents the models that we apply in this paper. In the first 
model, we do a WOE transformation of the variables and select 
variables with an IV value ≥ 0.3. In the second model, we select 
variables with the backward selection (BS) method based on Akaike 
information criterion (AIC) without using WOE transformed 
variables. In model 3 the variable selection is based on IV ≥ 0.3, but 
the model is estimated without WOE transformed variables. In the 
fourth model, the variable selection is based on BS with WOE 
transformed variables.  Models 1-4 are estimated with LogR.  
   Model 5 and 7 resemble models 1 and 3, the only difference is that 
they are estimated with the SVM technique. Model 6 is an RFE-SVM 
without WOE transformed variables and model 8 is an RFE-SVM 
with WOE transformed variables. RFE is usually used when 
performing variable selection with SVM (Sanz et al. 2018)  
   Table 2 summarizes the models that will be compared and the 
effects we can evaluate by comparing them. By comparing Model 1 to 
Model 3, we can evaluate the effect of using WOE transformed 
variables because the only difference between the two will be the 
WOE transformation. Model 2 would be compared to Model 4  
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Table 1 
Models 

Model Estimation 
technique 

Variable selection 
methodology 

WOE 
transformed 
variables 

Model 1 Log R IV Yes 
Model 2 Log R Backward selection No 
Model 3 Log R IV No 
Model 4 Log R Backward selection Yes 
Model 5 SVM IV Yes 
Model 6 SVM RFE No 
Model 7 SVM IV No 
Model 8 SVM RFE Yes 

Table 2 
Model comparisons 

Model Evaluates 
Model 1 vs. Model 3 The effect of WOE transformation when IV is 

used as a variable selection method 
Model 2 vs. Model 4 The effect of WOE transformation when BS 

is used as a variable selection method 
Model 1 vs. Model 4 Variable selection method IV vs. BS with 

WOE transformed variables 
Model 2 vs. Model 3 Variable selection method IV vs. BS without 

WOE transformed variables 
Model 5 vs. Model 7 The effect of WOE transformation when IV is 

used as a variable selection method 
Model 6 vs. Model 8 The effect of WOE transformation when RFE 

is used as a variable selection method 
Model 5 vs. Model 8 Variable selection method IV vs. RFE with 

WOE transformed variables 
Model 6 vs. Model 7 Variable selection method IV vs. RFE without 

WOE transformed variables 

Table 3 
Measures of discriminatory power 
Measure Definition Optimal 

value 
Accuracy rate (AR) (TP+TN) / (TP+TN+FP+FN) 1 
AUC  1 
Sensitivity (SE) TP / (TP+FN) 1 
Specificity (SP) TN / (TN+FP) 1 
F1-score  2TP / (2TP+FP+FN) 1 
Note: TP = true positives, TN = true negatives, FP = False positives, FN = false 
negative 

because we can examine the effect of WOE transformed variables 
when BS is used as a variable selection method. Moreover, the setup 
of models allows us to examine the use of WOE in terms of variable 
selection as well, because the difference between Model 1 and Model 
4 and Model 2 and Model 3 is the variable selection technique. Model 
5 – 8 will be compared in a similarly way as Model 1 – 4. 

3.3 Measures of discriminatory power & evaluation 

The most common metrics in practice and academia of measuring a 
model's discriminatory power are the accuracy ratio (AR), and the 
area under the receiving operating curve (AUC) (Al Marques et al. 
2013 p.1393; Lingo & Winkler 2008 p.2). Two other common metrics 
are sensitivity (SE), which measures the accuracy of true defaulters, 
and specificity (SP), which measures the accuracy of true non-
defaulters (Ibid.).   
   Empirical and theoretical evidence suggests that the AR is strongly 
biased with an imbalanced dataset. In light of the fact that we are 
dealing with an unbalanced dataset, we can also use the F1-score, 
because it was created to deal with imbalanced datasets (Guo et al. 
2018 p.5). The F1-score is a harmonic mean between SE and 
precision (positive predictive value). Table 3 summarizes the metrics 
that we use to investigate how WOE transformation affects the 
discriminatory power. 
   We want to do a pairwise comparison that examines the effect of 
the WOE transformation (see Table 2). One common method used in 
the literature for comparing the results from different methods of 
variable transformation, selection, or classification techniques in 

datasets is the Wilcoxon signed rank test (Benavoli et al. 2016; 
Demsar 2006).  
   The Wilcoxon signed-rank test compares the mean differences of an 
evaluation metric between two models for each test dataset, and ranks 
both the positive and negative differences.  
   The calculation of the Wilcoxon signed-rank test is carried out as 
follows. Let 𝑑! be the difference in an evaluation metric of the ith out 
of N sample dataset. The differences are ranked according to their 
absolute values, if there is a tie, then, average ranks are assigned. Let 
𝑅! be the sum of ranks for the nonnegative differences, and  𝑅! the 
sum of ranks for the non-positive differences: 

𝑅! =  𝑟𝑎𝑛𝑘(|𝑑!|)!!!! +  !
!

 𝑟𝑎𝑛𝑘(|𝑑!|)                        !!!! (11) 

                        𝑅! =  𝑟𝑎𝑛𝑘(|𝑑!|)!!!! +  !
!

 𝑟𝑎𝑛𝑘(|𝑑!|)!!!!                         

Let 𝑊 be the larger of the sums, 𝑊 = max (𝑅!, 𝑅!) and for a larger 
number of dataset, the statistics 

                     𝑧 =
!!!!!(!!!)

!
!"!(!!!)(!!!!)

                                                 (12) 

is distributed approximately normally.  

4. Results & discussion 

In this section, we present the results and discussion. Table 4 shows 
the mean values of the evaluation metrics of the discriminatory 
power. Table 5 shows the summary of the Wilcoxon-signed rank tests 
for the AR and the F1-score. The Wilcoxon-sign ranked tests for the 
other evaluation metrics can be provided upon request, but the results 
of these will not change the overall results and conclusions. 
   As seen in Table 4, Model 2 and Model 3 the very models without 
WOE transformed variables perform better, on average, than Model 1 
and Model 4 the models with WOE transformed variables across a 
majority of the evaluation metrics. Further, analyzing Table 5 
suggests that the differences between Model 1 and Model 3 and 
between Model 2 and Model 4 are significant for the AR and F1-
score.  
   Table 4 and 5 suggest that the BS method performs better, on 
average, in a majority of the evaluation metrics than the IV method in 
terms of variable selection when Model 1 is compared to Model 4. 
Further, comparing Model 2 and Model 3 suggest that using an IV for 
variable selection gives no significant benefit over the BS technique 
in terms of increased model performance.  
   The overall combined results of Table 4 and 5 indicate that WOE 
transformation of variables decreased the discriminatory power of a 
model in a majority of the evaluation metrics when LogR is applied as 
a classification technique. Moreover, using an IV for variable 
selection provides no significant benefit in terms of increased model 
performance. 
   Table 4 shows that Model 5 is the best model, on average, across 
most evaluation metrics of discriminatory power when SVM is used 
as an estimation technique. Inspecting Table 5, we can observe when 
comparing Model 5 to Model 7, that, in terms of the AR, there is no 
significant benefit of using WOE. But when the F1-score is preferred, 
there is an advantage. Further, when comparing Model 6 to Model 8, 
we notice that the difference for the AR is only significant at the 10 
percent level and insignificant for the F1-score.  
   The SVM models also provide mixed results regarding the use of an 
IV as a variable selection method compared to the RFE method. 
Evaluating Model 6 and Model 7 we notice that there is a significant 
difference in terms of the AR ratio, but not in the F1-score. Using the 
AR ratio as an evaluation metric suggests that there is a small benefit 
of using an IV as a variable selection method compared to RFE. 
Further, comparing Model 5 to Model 8 suggests that there is no 
significant difference between the models when the AR ratio is used, 
but there is a difference when the F1-score is used, indicating that 
using IV as a variable selection method is preferred over the RFE.  
   Overall, considering the AR as an evaluation metric, our results 
suggest that using WOE transformation does not improve the 
discriminatory power when SVM is used as a classification technique. 
However, using the F1-score as an evaluation metric appears to be 
beneficial. The general results regarding variable selection, 
considering all evaluation metrics, suggest that using an IV for  
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Table 4 
Result mean values of measures of discriminatory power 

Measures Model 1 
(IV,WOE,LogR) 

Model 2 
(BS,LogR) 

Model 3 
(IV, LogR) 

Model 4  
(BS,WOE,LogR) 

Model 5 
(IV,WOE,SVM) 

Model 6  
(RFE,SVM) 

Model 7 
(IV, SVM) 

Model 8 
(RFE,WOE,SVM) 

Accuracy rate  0,8186 0,8202 0,8201 0,8191 0,8197 0,8191 0,8196 0,8194 
AUC 0,6485 0,6544 0,6546 0,6511 0,6509 0,6461 0,6441 0,6470 
Sensitivity  0,3442 0,3579 0,3586 0,3505 0,3489 0,3367 0,3301 0,3386 
Specificity  0,9528 0,9509 0,9506 0,9516 0,9528 0,9556 0,9581 0,9554 
F1-score 0,4555 0,4674 0,4677 0,4607 0,4600 0,4501 0,4461 0,4522 

Note: 	 The values are the means of 50 observations. The same sample training test sets are used across all models i.e. sample 1,..,50 have been used for each of the 
respective models. WOE values/intervals in the training sets have been used in the test sets. 

Model 1 uses IV for variable selection, is estimated with LogR, and uses WOE transformed variables. Model 2 uses backward selection (BS) for variable selection, is 
estimated with LogR, and uses untransformed variables. Model 3 uses IV for variable selection, is estimated with LogR, and uses untransformed variables. Model 4 
uses BS for variable selection, is estimated with LogR, and uses WOE transformed variables.  

For all of the SVM models, we use a 3-fold cross-validation technique on the training set to determine the optimal parameters for the SVM. The optimal values for C that 
we test are 0.25,0.5,1,2 together with a polynomial kernel with 1 and 2 degrees. Model 5 uses IV for variable selection, is estimated with SVM, and uses WOE 
transformed variables. Model 6 uses RFE for variable selection, is estimated with SVM, and uses untransformed variables. Model 6 uses IV for variable selection, is 
estimated with SVM, and uses untransformed variables. Model 8 uses RFE for variable selection, is estimated with SVM, and uses WOE transformed variables. 

Table 5 
Summary of the Wilcoxon signed-ranks test  
Model Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 
Model 2 1.AR 2.F1-score 1. -5.7 *** 

2. -6.1 *** 
-      

Model 3 1.AR 2.F1-score 1. -5.7 *** 
2. -6.1 *** 

1. 0.5 
2. -0.9 

-     

Model 4 1.AR 2.F1-score 1. -3.0 *** 
2. -5.7 *** 

1. 5.7 *** 
2. 6.0 *** 

1. 4.5 *** 
2. 5.8 *** 

-    

Model 5 1.AR 2.F1-score 1. -4.1 *** 
2. -1.9 * 

1. 2.2 ** 
2. 1.7 

1. 1.2 
2. 1.4 

1. -2.5 ** 
2. 0.7 

-   

Model 6 1.AR 2.F1-score 1. -1.8 * 
2. 1.8 * 

1. 5.1 *** 
2. 4.6 *** 

1. 4.5 *** 
2. 4.8 *** 

1. 0.0 
2. 3.9 *** 

1. 3.0 *** 
2. 3.8 *** 

-  

Model 7 1.AR 2.F1-score 1. -3.5 *** 
2. 3.0 *** 

1. 2.7 *** 
2. 5.2 *** 

1. 2.3 ** 
2. 5.3 *** 

1. -2.1 ** 
2. 5.0 **** 

1. -0.1 
2. 4.8 *** 

1. -3.8 *** 
2. 1.5 

- 

Model 8 1.AR 2.F1-score 1. -2.8 *** 
2. 1.0 

1. 3.4 *** 
2. 4.8 *** 

1. 2.9 *** 
2. 4.9 *** 

1. -1.2 
2. 3.3 *** 

1. 1.2 
2. 2.5 *** 

1. -1.8 * 
2. -1.2 

1. 1.6 * 
2. -2.9 *** 

Note: *, **, *** significant at 10, 5 and 1 percent level. 1. Accuracy ratio. 2. F1-score.  
The reported values are the z values from the normal approximation (see (12)).  

variable selection increased the model performance compared to the 
RFE technique. 
  Evaluating the classification techniques, we notice that Model 2, 
Model 3, and Model 5 perform the best across all the evaluation 
metrics, but the difference in magnitude is small amongst them and 
only significant for the AR ratio between Model 2 and Model 5. 
Overall, our results indicate that using a more sophisticated 
classification technique does not increase the discriminatory power of 
a model significantly. Instead, we notice that LogR outperformed 
SVM, on average, in three out of four cases, i.e., if Model 1|2|3|4| is 
compared to Model 5|6|7|8 and considering the significance of the 
evaluation measures AR and F1-score. However, Abdou & Pointon 
(2011) point out that most studies that made a comparison found that 
more sophisticated methods performed better when AR is preferred as 
an evaluation measure. On the other hand, as pointed out by Marques 
et al. (2013), most articles do not contain any formal statistical test, 
which makes it difficult to assess whether the differences are 
significant.  
   As WOE deals with possibly linearity, we could expect that, if the 
data is non-linear, the models that are using WOE transformed 
variables should perform better, and we could also suspect that the 
SVM should perform better than the LogR technique. However, this 
is not the case according to the result of this paper. One explanation 
for this would be that the dataset is linear, and that is why the WOE 
does not provide any benefits over the regular methods. This is in line 
with Baesens et al. (2003), who noted that most credit data are only 
weakly non-linear, that is why, for example, that LogR yields similar 
performance like SVM. 
   We notice by analysing Table 4 that all models perform poorly 
when the sensitivity rate (the accuracy of true defaulters) is preferred 
as an evaluation metric, which probably depends on the imbalanced 
dataset. Therefore, the F1-score should be preferred because the AR is 

biased. Imbalanced datasets can also be dealt with by using, for 
example, a SMOTE (synthetic minority over-sampling technique) 
algorithm (Xue & Zhang 2016). But, this has not been done in this 
paper, and we leave it for future research. 
   So far, to the best of our knowledge, there are not many studies that 
have evaluated the effect of WOE transformation in the context of 
credit-scoring modelling. Banasik et al. (2003) compared a WOE 
model with a binary model and found that they produced similar 
results (Banasik et al. 2003 pp. 826- 827,830-831). On the other hand, 
Adbou (2009) found that WOE models preformed worse than other 
models when AR was used as an evaluation metric, but in terms of 
type II errors (One minus sensitivity), the WOE performed better than 
all other models (Adbou 2009 p.11412). Our results, however, 
suggest that the models without WOE transformed variables when 
LogR is used as an estimation technique perform better in terms of 
type II errors (One minus sensitivity see Table 4), while it is the 
opposite applying SVM.  

5. Conclusion 

WOE transformation has been used for several decades in the credit 
industry, however, it has, surprisingly, been an overlooked approach 
in published literature. In this paper, we investigate what effect WOE 
transformation has on the discriminatory power of a credit-scoring 
model. We use a real-world dataset of 30,000 observations, which we 
have divided into a training set and one validation set. Eight models 
are estimated where Model 1-4 applied LogR and Model 5-8 applied 
SVM as a classification technique. We repeat this procedure 50 times 
and average the evaluation metrics. The Wilcoxon sign ranked test is 
used to assess whether there are any significant differences between 
models that use WOE transformed variables or IV as a variable 
selection method compared to the models that do not use WOE 
transformed variables and use other variable selection techniques. 
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   Our results suggest that using WOE transformation decreased the 
discriminatory power across a majority of the evaluation metrics 
compared to the models that did not use WOE transformed variables 
and that there is not any significant benefit of using an IV value for 
variable selection compared to the BS technique when LogR is 
applied as a classification technique. However, applying SVM, we 
found mixed results depending on the preferred evaluation metric. 
Weak or insignificant differences if the AR is used and significant 
differences if the F1-score is used. The general result also shows that 
using an IV is better for variable selection than the RFE technique. 
   As WOE deals with possible linearity, we could expect that if the 
data is non-linear, the WOE model should perform better. One 
explanation would be that the credit data used is already linear, and 
that is why the WOE does not provide any benefits over the regular 
methods. This is in line with Baesens et al. (2003), who noted that 
most credit data are only weakly non-linear, and that is why, for 
example, LogR yields similar performance to SVM. 
   There are some limitations to this paper. We have only used one 
dataset, therefore more studies must be carried out that use real data 
with all the variables that are normally accessible in real-world 
applications. Moreover, considering that our dataset is imbalanced, it 
may have had an impact on our results. Future research needs to take 
this issue into account.  
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