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Abstract

Bank’s propensity models are being developed for business support. They should help to choose
clients with a higher potential (probability) to buy a product. Propensity models are mostly
created by using logistic regression. It is a classification task for client’s segmentation based on
socio-demographics, products and transaction characteristics. A similar classification task can
be solved by cluster analysis. Therefore, the aim of this contribution is to improve a propensity
model for consumer loan by adding a new variable, which indicates the client’s belonging to a
certain cluster based on the application of some methods of cluster analysis. We apply two
clustering methods. The first one is the k-means algorithm, which belongs to centroid-based
clustering. The second one is TwoStep cluster analysis proposed for large data sets and
hierarchical clustering use. The effect of adding a new variable is evaluated by comparing the
total response rate in the current propensity model against the response rate in new propensity

models with the “cluster” variable.
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Introduction

Bank’s propensity models are created for client’s segmentation, where logistic regression is
mostly used for modeling. Cluster analysis could be also used for classification tasks. As Arpino
and Cannas (2016) mentioned, using cluster analysis can improve the success of propensity
models, where each model can be built for each cluster. Other authors, Rudolph et al. (2016),
also used the combination of cluster analysis and propensity models, where objects in a data set
could be clustered by propensity scores. Gawrysiak et al. (2001) mentioned, that using cluster
analysis can lead to a more accurate estimation of the dependent variable by the regression

function. It is assumed that in the first step, the objects in the data set are divided into clusters
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using cluster analysis. In the second step, after this division, values of the dependent variable
are estimated in each created cluster. Estimated regression parameters can be different for each
cluster. There are also other uses of cluster analysis, see e.g. (Kim et al., 2016, Qian and Wu,
2011, Svarc, 2016, Yang et al., 2016). Based on these examples, the idea of this contribution is
about application of cluster analysis before creating a bank’s propensity model by logistic
regression.

The aim of this paper is to improve a propensity model for consumer loan by adding
a new variable, which indicates that the client belongs to a certain cluster based on the
application of some method of cluster analysis. We suppose a current propensity model for
consumer loan in order to predict the probability of buying a product with a certain number of
explanatory variables. The success of propensity models is measured by the response rate. In
the text below, the principles of logistic regression and selected cluster methods, which are k-
means and TwoStep, are described. This theoretical part is followed by the results of the
analyses. In these analyses, ,,cluster variables are created by using the above mentioned
methods for clustering to the different number of clusters. After these, six new propensity
models are built by logistic regression, where the inputs are the same explanatory variables as
in the current propensity model and moreover, a new explanatory ,,cluster” variable (one for
each model) is created by cluster analysis. The described process can be considered as
combining cluster analysis with logistic regression. For the analyses performance, statistical

program IBM SPSS Modeler is used.

1  Bank’s propensity models

Classification and predictive statistic models have become popular in the banking world with
the development of computing technologies. In banking, propensity models are used for client’s
classification according to their tendency to buy a banking product. One specific propensity
model is developed for each bank product. Client’s tendency is estimated by the value of the
score, which indicates the probability of buying a banking product. The value of the score lies

in the interval (0,1) and it is calculated by logistic regression. After the calculation, clients are

divided into 10 groups (there is one division for one product) by values of the score. In the tenth

group, there are clients with the highest values of the score in the interval (0.9, 1). The success

of client’s classification according to their tendency to buy bank’s product can be measured by

the response rate. It expresses the proportion of clients who really bought the product over the
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total number of selected clients based on the value of the score. More about modeling can be
found in (Linoff and Berry, 2011).

1.1  Logistic regression

Logistic regression for prediction of probability = of buying a product is mostly used for
developing bank’s propensity models. As mentioned in e.g. (Agresti, 2002), in logistic
regression the binary target variable Y is considered, where Y = 1 means, that client bought a
product and Y = 0 means, that client didn’t buy any products. Probability that Y = 1 can be
denoted as P(Y = 1) = &. In the classic linear regression, the infinite range of possible values for
the target variable is considered. The problem is, that we need a finite range of possible values

in the interval (0,1). It can be passed, if we consider non-linear relationship between a set of

explanatory variables X and the target variable Y for each object (in our case for each client) in
the well-known model of logistic regression:
efX

S (1)

P(Y =1X) = =—

where B is a vector of parameters of the regression function. Estimated parameters can be

obtained by the maximum likelihood method.

1.2 Methods of cluster analysis

Relationships between objects in a data set can be analyzed by a cluster analysis. A general
process of cluster analysis is about dividing objects into clusters in a way that objects in the
same cluster are more similar to each other than objects in a different cluster.
There are two general groups of clustering methods according to different ways of clustering.
The first one is hierarchical clustering, where in each stage we obtain a different number of
clusters. The second one is centroid-based clustering (a centroid is a vector of statistics, e.g.
averages or medians, calculated for individual variables from values corresponding to the
objects assigned to a certain cluster). For each of these methods, it is considered that one object
can be only in one cluster. For analyses proposed in this paper, the k-means and TwoStep
methods were chosen. For comparing the success of these clustering methods, the silhouette

coefficient will be used. It measures clusters quality as mentioned e.g. in (Loster, 2016).

1.2.1 K-means method
The well-known method belonging to partition clustering is the k-means algorithm. It is

determined for objects characterized by quantitative variables. The algorithm needs to define
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the number of clusters into which objects will be assigned. Finally, each object belongs only
into one cluster. The algorithm is iterative; at every step the centroid is calculated for each
cluster. The centroid represents the average values of variables for each given cluster. Object’s

partitioning into clusters is optimal, when the following function is minimized:

k n
fKM = Zzuihnxi _)_(h”2 J 2

h=1 i=1

where u, =1, if the i-th object (i = 1, ..., n, where n is the number of objects) belongs to the
h-th cluster (h =1, ..., k, where k is the number of clusters), otherwise u,, = 0; X, is a vector of
average values of variables for each given h-th cluster, and | .| is the Euclidean distance. The

mentioned function (2) is minimized under following conditions:

[
>u, =1fori=12,..,n, (3)
h=1
> u, >0forh=12,..k. (4)

i=1

1.2.2 TwoStep cluster analysis

For object clustering in a large data set TwoStep cluster analysis is a suitable method, which is
a modification of hierarchical clustering methods. This method uses the BIRCH algorithm
(Balanced lIterative Reducing and Clustering using Hierarchies). The idea is to create auxiliary
clusters, which are clustered in a hierarchical way in the next step. This method uses either the
Euclidean distance or the log-likelihood distance. At the beginning of the TwoStep cluster
analysis, the number of clusters can be defined, as in the k-means algorithm. The range of
clusters can be defined in IBM SPSS Modeler. More about the BIRCH algorithm can be found
in (Zhang et al., 1996).

1.2.3 Silhouette coefficient
The silhouette coefficient combines the concepts of cluster cohesion and cluster separation.

Values of the silhouette coefficient are in the interval <—1, 1> , Where —1 is the worst and 1 is the

best assignment of objects in clusters. The basis of this coefficient is the evaluation of
assignment of individual objects to “its” cluster. This evaluation for the i-th object can be
expressed as the value:

— L _ni 5
et ©
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where n; = , dij is the Euclidean distance between the i-th and

j-th objects, and nn (ng) is the number of objects in the h-th (g-th) cluster.

The silhouette coefficient is the average value calculated over all objects in a data set, i.e.

n

Y= (6)

An example of graphical presentation of the value is shown in Fig. 1.

Fig. 1: Cluster quality measuring in IBM SPSS Modeler
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Source: own construction with IBM SPSS Modeler

2 Application of clustering methods in a propensity model

In general, a modeling base preparation for a propensity model is very demanding of its size,
because it contains thousands of variables representing products and transactional
characteristics for hundreds of thousands of clients. In our case, the data set of about 154 113
clients is analyzed. The target variable Y represents information, whether a client bought (Y = 1)
or didn’t buy (Y =0) a consumer loan. Due to the cluster analysis purposes, the best 100
guantitative explanatory variables were selected for the modeling base. These 100 variables
were chosen based on the correlation comparison between the target and explanatory variables.
This type of variable selection is available in IBM SPSS Modeler in ,,Feature Selection node”.

The reference model for the evaluation of new propensity models will be a model based only
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on application of logistic regression with the same 100 explanatory variables. It will be named
,»the current propensity model in the following text.

For the creation of new propensity models, in the first step, the new “cluster” variables
were created with using the k-means and TwoStep clustering methods (with the Euclidean
distance) with a consideration of 5, 10 and 15 existing clusters (one new variable for each
method and type). Cluster analysis was applied on the whole modeling base (154 113 objects
and 100 variables).

After the first round of calculations, six new propensity models were built, where the
score was calculated based on the application of logistic regression. Explanatory variables for
each of the new propensity models were: one “cluster” variable from the first step and variables,
which were used in the current propensity model. This modeling base was divided into training
and testing part in the 70:30 ratio for modeling purposes, where the success of the current and
each new propensity model was compared based on the response rate in the testing part. As
mentioned above, the response rate is also influenced by the number of selected clients, so for
calculations and comparisons, clients with the score value of at least 0.7 will be selected.

The current propensity model has the total response rate of 77.91 % on the selected
testing modeling part.

Tab. 1 shows the response rate of new propensity models including ,,cluster* variable
obtained by the k-means algorithm with a consideration of 5, 10 and 15 clusters. It also presents
values of the silhouette coefficient, which measures the cluster quality. The highest response
rate is 79.25 % in the case with 10 clusters consideration, although the value of the silhouette

coefficient is less than in other cases (0.4 vs. 0.5).

Tab. 1: The success of new propensity models combined with the k-means algorithm

number of clusters silhouette coefficient response rate (in %)
5 clusters 0.5 79.20
10 clusters 0.4 79.25
15 clusters 0.5 79.16

Source: own construction

In Tab. 2, the response rates of new propensity models are shown, which are combined
with TwoStep cluster analysis. There is also 5, 10 and 15 clusters consideration in the data set.
TwoStep cluster analysis was developed for large data set, but the response rate is worse than
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using the k-means algorithm in these three cases. Even though the response rate is lower, in

comparison with the current propensity model, it is slightly higher.

Tab. 2: The success of new propensity models combined with TwoStep cluster analysis

number of clusters silhouette coefficient response rate (in %)
5 clusters 0.3 78.49
10 clusters 0.3 78.94
15 clusters 0.2 78.85

Source: own construction

Conclusion
The response rate in the new propensity models is slightly higher after including the ,,cluster
explanatory variable into the logistic regression. This new variable indicates the client
belonging to a certain cluster based on the application of the k-means algorithm or TwoStep
cluster analysis. Three variants were considered for each cluster method, which varied only in
the number of clusters in the data set (5, 10 and 15 clusters). Values of the silhouette coefficient,
which measures the quality of the created clusters, were between 0.2 and 0.5 for the introduced
types of clustering methods, so it can be considered as a good result. In the used data set, in
general, the propensity models combined with the k-means algorithm had a higher response rate
in comparison with TwoStep cluster analysis. The current propensity model had the response
rate of 77.91 %. Based on the highest response rate, the best new propensity model was the
model, where k-means clustering method was used with consideration of 10 clusters in the data
set. The response rate was 79.25 % and the value of the silhouette coefficient was 0.4, which
indicates good clusters quality. On the opposite end, the new propensity model with the lowest
response rate was the model, where the “cluster” variable was created by TwoStep cluster
analysis with the consideration of 5 clusters in the data set. The response rate was 78.49 % and
the value of the silhouette coefficient was 0.3. Based on the achieved results, all six newly
created propensity models could be put into real deployment, but due to only a slight
improvement, there is no reason to replace the current propensity model.

Due to the provided analysis of the use of clustering methods in propensity models

created by logistic regression, it is possible to explore further for enhancements.
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