Data Minig Project

Analysis of loan customers’ characteristics

by
Burcu Kalender

Abstract
The target of this study is to provide the marketing division of a young bank with information
to set up a new campaign to gain more loan customers. The specific questions of interest are
what combination of parameters makes a customer more likely to accept a personal loan and
are there any association among special offers as online services, security accounts, credit
cards that support cross-selling opportunities. The data mining techniques employed are
explanatory data analysis, entropy classification trees, neural networks, 4-means clustering
and principal component analysis. The analyses yield three different characteristics of
individuals who are likely to take a loan. One group named “new generation of self-made
man” contains young people with high income, an undergraduate level of education and a
high credit card spending. A second group are the “open minded people” who have a high
level of education, a high income and are interested in different facilities of the bank. A third
group build the “conservative”, they are highly educated, live in a single household and have
no interests in additional bank services.
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1. Introduction
The target of this study is to provide the marketing division of a young bank with information
to set up a new campaign to gain more loan customers.
This study is about a young bank that is growing rapidly in terms of overall customer
acquisition. The customers of the bank are divided into two major groups. The first one is the
liability customers, which build the biggest group. A liability customer deposits money into an
account at the bank, which the bank has to pay back when requested by the customer.
Usually, the bank gives a small amount of interest for deposited money. The second group is
the personal loan customers. Those are customers borrowing money from the bank. Under a
concluded contract, the customers are obliged to return the money back, with an additional
interest rate. This interest rate is greater than the one given on a deposit. Thus, a loan is a
source of income for the bank and they are interested in raising the number of loan
customers. Moreover, the bank aims to convert there liability customers into loan customers.
A campaign the bank ran for liability customers last year showed a conversion rate of over
9% successes. An overall objection is to find a connection between the variables and an
enhancement of loan customers based on the data of the previous campaign.
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2. Materials and Methods
This chapter describes the features of the data and the variables as categories as well as
units. After knowing the data better, the aim is defined more precisely. Moreover, the data
mining techniques to be used are presented and an extension to not used techniques is
shortly given.

2.1. Data Description
The data set includes 5000 observations with fourteen variables divided into four different
measurement categories. The binary category has five variables, including the target variable
personal loan, also securities account, CD account, online banking and credit card. The
interval category contains five variables: age, experience, income, CC avg and mortgage.
The ordinal category includes the variables family and education. The last category is
nominal with ID and Zip code. The variable ID does not add any interesting information e.g.
individual association between a person (indicated by ID) and loan does not provide any
general conclusion for future potential loan customers. Therefore, it will be neglected in the
examination.
Table 2.1: Data description
Personal Loan
Securities
Account

Did this customer accept the personal loan offered in the last campaign?

CD Account

Does the customer have a certificate of deposit (CD) account with the bank?

Online

Does the customer use internet-banking facilities?

Credit Card

Does the customer use a credit card issued by Universal Bank?

Age

Customer's age in completed years

Experience

years of professional experience

Income

Annual income of the customer ($000)

Family

Family size of the customer

CC Avg

Avg. spending on credit cards per month ($000)

Education

Education Level. 1: Undergrad; 2: Graduate; 3: Advanced/Professional

Mortgage

Value of house mortgage if any. ($000)

ZIP Code

Home Address ZIP code.

ID

Customer ID

Does the customer have a securities account with the bank?

After introducing the data variables, the research aim can be defined more specifically:
1) What combination of parameters makes a customer more likely to accept a personal loan?
2) Are there any association among special offers like online services, security accounts,
credit cards, etc. for finding cross-selling opportunities?

2.2. Data Mining Methods
This part presents the five data mining techniques used i.e. EDA, classification trees, neural
networks, cluster analysis and principal component analysis in detail. The idea as well as the
process of those methods is explained and justifications for the use are given.
Exploratory data analysis is a very useful method to get to know the data before delving into
analysis that is more advanced. It is important to know the data to avoid mistakes in the
analysis e.g. if we know that the data does not fulfil assumptions that a method requires than
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this method cannot be used straightforward as the results will not be reliable. The distribution
of the variables is examined, in this course the mean, variance, normality and symmetry are
important, also possible transformation to maximise normality. Moreover, associations not
only between the variables but also between those and the target variable can be
discovered. Thus, we try to find any correlation among the variables applying graphical tools.
Next, we use classification trees to predict the target variable personal loan with the
independent variables and discover associations. The decision tree utilise the variables to
separate the two groups loan and non-loan taker, starting with the variable, which
distinguishes the target variable the best. Each division ends in a decision node; there are
more and more nodes created until there is no variable left, which is able to significantly
separate the response variable. There are three different measurements to compute the
separation; those are Gini, Entropy and CHAID. We need to analyse, which of them yields
the smallest error rate. For this and the following methods, it is best to partition the data into
training, validation and testing sets. Classification trees have some advantages; they are
easy to interpret, errors in the data are unlikely to affect the result and they automatically
remove unnecessary variables. Furthermore, this method can handle interactions between
the variables well.
The idea of neural networks method is based on the functionality of the neuronal networks in
the brain. The neurals are connected with each other and learn from experiences
(recognized patterns), which the model can use to make future predictions. In this report, we
use a network with multiple inputs, one hidden layer and a single output. The hidden layer
employs an activation function consisting of a combination function i.e. a weighted sum of
input variables and a transformation function. For the transformation function, we choose a
logistic function, as the target is a binary variable. The advantage of this method is that it can
handle linear relations as well as interactions. Hence, the prediction accuracy is high and the
results robust. The disadvantage is the complexity of the model. It is not always easy to
understand how the result is evaluated and which variables are important to distinguish
between the response variable. Nevertheless, with a few hidden layers and nodes, the
results can still be clear to understand.
Cluster analysis is used to group a set of data objects into clusters, where the similarity of
individuals in the same cluster and difference to the individuals in other clusters is
maximized. The aim is to find a cluster, which includes mostly loan taker, so we get an
insight in the characteristics of this group. The results depend on the method of distance
measurement. There are different measurements for different kind of variables; our data
contains interval, ordinal and binary variables. On the interval and ordinal ones SAS applies
the same measurement but a different measurement for the binary variables. Prior the
clustering, it is necessary to standardize the data, so that each difference of the variables
contributes equally to the overall distance value. For building the clusters we use K-means
clustering, the reason for this is given in the analysis part. We first have to decide on a
number of clusters on our own, then the initial centres are chosen and the observations are
allocated to the closest centre, which is repeated until the clusters do not change anymore.
The universal bank data set has 5000 observations and no nominal data; hence, it is of
advantage to use this method as it can handle big data sets well but no nominal data. A
drawback is that the number of clusters have to be predefined by the analyst.
The principal component analysis tries to reduce the number of variables to a lower
dimension to make the model easier to interpret. Those dimensions are new variables called
principal components, which are linear functions of weighted original variables. It is important
to standardize the data prior conducting the method. Otherwise, the computed weights will
be false. Each of those uncorrelated components explains some of the variability in the data;
our aim is to reduce the dimension to a few components that explain around 80% to 90% of
the variability. Then we can interpret those components and probably find some associations
to the target variable.
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2.3. Further Data Mining Methods
This section is about further data mining methods that are not used in this study. Those are
the five techniques association analysis, logistic regression, bundling techniques, memory
based reasoning and text mining. They are briefly presented and we explain why those
methods are not selected for this study.
The general term market basket analysis covers the two methods association and sequence
analysis. Both are useful to find frequent patterns among the variables. The association
method is useful to identify, which variables occur together and accordingly creates a rule.
The rule is developed by counting how often a variable emerge alone and in combination in
the data. In addition to the connection of variables and their probability, sequencing also
considers the order in which the relationships occur. Thus, it includes a timing element in the
analysis. Overall, the market basket analysis is useful to find out the probability that variables
appear together. Unfortunately, this analysis does not give us any results out of two reasons.
First, no significant association at a confidence level of 5% could be created for unknown
reasons. Second, there is no time element, which is necessary for performing a sequence
discovery.
Another useful method to predict the response variable is a regression model. As the target
variable loan is binary, we need to use logistic regression, which predicts the odds that the
event loan will happen against the probability that it will not occur. This method is based on
the assumption of normal distributed variables; thus, it is probably necessary to transform the
variables prior building the model. Furthermore, it does not discard variables automatically.
Therefore, it is necessary to use a variable selection node or a variable selection method e.g.
backward elimination. An advantage of regression models is that it can handle linear
relationships between variables well. In general, it is a more precise method than e.g.
classification trees because each individual receives an individual output. The reason for not
using this method is that the classification trees have a lower error rate. Furthermore, the
model does not give any further information that is not already included in the tree model.
The general procedure of bundling techniques is combining results of several models to an
averaged output. This average is more accurate i.e. the total error is reduced as the
individual errors cancel out and the result is more stable as differences are small for different
sets of measurements. The advantage of this technique is improved predictions when
scoring new data. The disadvantage is that the results are harder to interpret. Regarding our
aim to identify important variables to decide who is likely to be a loan-taker, we need to be
able to interpret the results of an analysis and are less interested in scoring new data. Thus,
the benefit of this method to score new data well is not useful for our purpose and we do not
use bundling as an analysing tool.
Memory based reasoning uses the K-nearest neighbour method to make prediction for new
data. For binary target variables, this method searches a local area of predefined K numbers
of neighbours and allocates the new object to the closest neighbour. In terms of our target,
the disadvantage is again that this is a predictive method and does not help to find important
variables to explain the characteristics of loan taker.
Obviously, text mining is used to detect patterns in articles or other written documents and
therefore is of no use for the universal bank data set.

NOTE: The parts 2.2 and 2.3 refer mostly to the “Practical Data Mining” study guide.
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3. Results and interpretation
This part shows the results from the SAS analysis for the five techniques. Moreover, the
results are interpreted primarily in terms of characteristics of loan taker.

3.1. EDA
This section provides a first close look at the data so we get to know it better. We want to
know how the variables are distributed, what the average values are, the proportions for the
ordinal variables, if there is something in the data that we should be aware of and what kind
of relationships between the variables exist.
The histograms in the appendix A show the distributions and the transformed distributions
maximising normality for the interval variables: age, experience, income, cc avg, mortgage
as well as the ordinal variables family and education. Each of those variables shows a high
skewness, kurtosis or both, therefore a transformation improves the variables.
The variable age ranges between 23 and 67 with approximately same percentage of people
for the different ages. The square root transformation improves the kurtosis but the skewness
gets worse. In the histogram for years of experience it appears that, there are negative
values; -1, -2 and -3. This could be a data input error as in general it is not possible to
measure negative years of experience. However, the proportion of those values in the data is
below 1% and as we cannot detect the reason for those negative values, we should delete
them. Regarding the variable income, the minimum value is $8000 and the maximum value
is $224000. The majority of individuals have an income between $20000 and $90000. As
typical for financial data it is right skewed, thus a transformation is able to improve the level
of skewness from 0.84 to -0.08. The average credit card spending has a wide range of $0 to
$10000 per month; the majority spends less than $2500. A log transformation improves the
skewness level. Concerning the mortgage, 70% of the individuals have a mortgage of less
than $40000; however, the maximum mortgage is as high as $635000. A square root
transformation can improve the skewness from 2.1 to 1.2 and the kurtosis from 4.76 to only
0.03. The variables family and education are ordinal variables but for the EDA we treat them
as interval variables so we can use them in the EDA. Thirty percent of the people in this
study have a single household, 27% count for two people, 20% for three person and 23% for
four person families. Thus, the distribution of families is evenly distributed. Regarding
education, 40% are at undergraduate level, graduate and professional levels each count for
30% approximately.
The Box plots in Fig. 3.1 show the relation between the target variable personal loan and the
explanatory variables family and cc avg. The plot on the left hand side indicates that families
with a median of size three are more likely to take a loan (loan-taker = 1, non loan-taker =0).
Single households or families with two people are less likely to take a loan. This might be a
useful association when considering a future campaign e.g. the campaign could aim on
families with children. We should mention that the mean is not useful for the comparison
because of the skewness in both distribution the mean values of family size are similar.
Concerning the influence of average credit card spending, the loan and no loan distributions
show a clearer distinction as the distribution do not overlap much. In general, a higher
average credit card spending with a median of $3800 indicates a higher probability of
personal loan. Lower credit card spending with a median of $1400 is less likely to take a
loan. This could be useful information when selecting people for example to mail loan
advertisements. For the remaining variables, the box plots do not give distributions that are
helpful to distinguish between loan takers or non-loan taker; the box plots overlap too much
within each variable.
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Figure 3.1: a) Box plot of family and personal loan b) CC avg and Personal loan
Fig. 3.2 shows a scatter plot, which present the relationship and correlation among the
variables experience and age. It indicates that years of work experience and age have a
positive correlation, which seems to be reasonable. Moreover, we recognise some kind of
grouping, education level three (professional, in black) distinguishes itself from education
level two (graduate, in red) and one (undergraduate, in green). Level three has the same
positive correlation but overall fewer years of experience. Maybe this group spend more
years on education and thus has a shorter period of working experience. Furthermore, there
is a gap for the professionals in their mid-forties, probably those people are not included in
the study and therefore missed out. The majority of individuals in the study are from
undergraduate level, they have the lowest education level but the most years of experience.

Figure 3.2: Scatter plot of age and experience
The next Fig.3.3, the scatter plot for income, cc avg and mortgage respectively is shown. The
relation between credit card average and income varies between no relations to positive
relation. The general statement for the positive correlation is that a higher average credit
card spending tends to indicate a higher income. Individuals who earn less have a limited
credit card spending. However, a high income does not necessarily suggest a high credit
card spending. Unfortunately, no explanation could be found, which factor has an influence
on the spread of no use and high use of credit card.

Figure 3.3: Scatter plot of income and CC avg
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If people with a high income tend to spend more with their credit cards and a high credit card,
spending indicates a higher probability of being a loan taker than there might be an indirect
relationship between income and loan. When we group the scatter plot for loan (loan taker
are indicated in red), we receive an interesting result. Fig. 3.4 suggests that people with a
high credit card spending above $4000 and an income of about $100000 take a loan. Above
an income of $100000, people take a loan independent of how much they are spending with
there credit card.

Figure 3.4: Scatter plot for income and CC avg grouped for personal loan
Maybe it is reasonable to check whether we get similar results between family, loan and
income. The box plots in Fig. 3.5 show again an interesting result. It seems like that not the
size of family is really influencing the likeliness of a loan but it is more the amount of income.
Families with low income below $100000 are less likely to take a loan than families with high
income regardless the size of family. We obtained similar result for credit card average.
Nevertheless, we do not know which of those two results (family size has or has no
influence) is the more appropriate one, but maybe in the further analysis we will find out more
about this association.

Figure 3.5: Box plot of family and income grouped for personal loan
Concerning the correlation between mortgage and income, we observe the same pattern as
for the credit card average (Fig. 3.6). The relation fans out between no relations to highly
positive correlation between income and mortgage. The positive relation suggests that a high
mortgage implies high income. We could not find an explanation for the fanning out. In
addition, there is a gap visible between zero dollar and $75000; this is because the minimum
value of house mortgage is about $75000. The red dots again show the loan taker, there is
no relationship between mortgage and loan visible but again we can see the same
association between income and loan as before.
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Figure 3.6: Scatter plot of income and mortgage grouped for personal loan
In summation, the EDA gives following results. Overall, the normality transformation
improves the skewness and the kurtosis. This will be useful for further investigation when
there is the assumption of normally distributed data. From the box plot graphs, we conclude
that big families (more than three members) are more likely to take a loan. On the opposite,
the other box plot indicates that there is no relationship between loan and family size but a
positive association between income and loan. Moreover, we know that a high credit card
spending combined with low income is likely to take a loan, whereas the credit card spending
is not important when the income is high. In addition to these results, we know that most of
the people in this data set have undergraduate level education and most of the people earn
between $20000 and $90000.

3.2. Classification models
In this part, we try to predict the target variable personal loan based on the independent
variables using entropy classification tree. First, we try to combine different classification
trees and logistic regression with variable selection and variable transformation nodes. Then
we decide which model to use based on the misclassification rate. Using model diagnosis
methods, we see how well the selected model performs.
Before deciding on the use of a classification tree, we examined different combinations of
trees (and logistic regression) with variable selection and transformed variable nodes. The
result is that not using any variable selection and no transformation yields the smaller
misclassification rates.
Next, we want to decide which specific model to use. The Tab. 3.1 shows the results the
misclassification rates for four different models. Overall, the entropy tree with the
untransformed variables and without any variable selection node performs the best. It has
the lowest misclassification rate of 1.8% (for test data) compared to the Gini and chi-square
trees with an error of 2.2% and the logistic regression with an error of 3.2%.
Table 3.1: Misclassification rates for classification trees

Now, we use the model diagnosis methods confusion matrix and lift chart to check how well
the entropy tree performs and where its weaknesses are.
The confusion matrices for the training and validation data sets in Tab. 3.2 show almost the
same results. The entire non-loan taker from the data set could be classified correctly; the
confusion rate is zero for this group. Regarding the confusion rate for the loan taker, the
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value is 12% in the training data set and 11% in the validation set. This rate is not too high
and acceptable for this kind of loan data.
Table 3.2: confusion matrix

The Fig. 3.7 shows the lift chart, which gives information about the profit gained when using
the entropy tree. The area between the tree and the baseline is the additional gain we make
for the prediction when using the entropy model. For the top 50% of the loan taker in the
data, the entropy tree has a profit of 0.2 and above, which is a high value. In conclusion, this
fitted model is a good at making predictions for the response variable.

Figure 3.7: Lift chart for entropy tree
Finally, the tree is shown in Fig. 3.8. The most important variable to distinguish between loan
and non-loan taker is income. If the annual income is below $94500, the chances of not
being a loan taker are 99%. If the income is above that level, the chances of not being a loan
taker are still high with 66%. To be able to distinguish between the two levels of loan, we also
need to consider education level. If the education level is 1 i.e. undergraduate then the
person is likely to be a non-loan taker. However, if the education is at graduate of
professional level, the person has a chance of 74% to be a loan taker. In addition, if the
person has an income above $116500 then this probability increases to 100%. There are two
further possible ending nodes with loan taker as a result. The second path is a person with
an income between $94500 and $116500, with an education level of graduate of professional
and an average monthly credit card spending above $2725. This combination is a loan taker
with a chance of 70%. The third path is a person earning more than $113500, an
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undergraduate education level and a family size bigger than 3 do have a probability of 100%
to be a loan.

Figure 3.8: entropy tree model
In summary, we used the entropy tree because it has the lowest error rate compared to other
possible methods and shows a good prediction power for the two loan cases. The most
important variable in the tree model is income. Only individuals with an income above
$94500 have a chance to be a loan taker. The variable education is also important.
Individuals with a high education level of graduate or professional level are more likely to be
loan taker especially in combination with a high average credit card spending. However,
individuals with undergraduate education, an income of above $113500 and a big family size
are also likely loan taker.

3.3. Neural Network
In this part, we fit a neural network model to the data and try to figure out, which variables
are important to predict the response variable personal loan. As the response is binary, we
choose a neural network with two nodes and a logistic activation function. Prior the analysis
we try to use a variable selection model to discard unnecessary variables. After deciding on
a final model, we interpret the nodes in terms of the response personal loan.
The neural network method does not inhibit any build-in variable selection function; hence,
we use a variable selection node and a classification tree as variable selection methods prior
to the neural network. However, the result in Tab.3.3 suggests that the neural network with
the lowest misclassification rate of about 2% is the one using all the input variables i.e.
without any prior variable selection.
Table 3.3: Misclassification rate for neural network
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The two nodes we decided to use for this data have different signs for the variables age,
credit card average, certificate of deposit account, owner of a universal bank credit card,
securities account and years of experience income. The Tab.3.4 shows the weights for each
of those variables for H11 and H12. The other variables are neglected as they have the
same sign and do not contribute to the separation of H11 and H12. The node H11 is high for
older people with less experience and low income. They use extra services of the bank as a
certificate of deposit as well as a securities account and a universal bank credit card,
although there average credit card spending is low. This group seems to be risk averse and
tends to save money.
On the opposite, H12 is high for a young person with many years of experience and a high
income. Moreover, this person does not have securities or a certificate of deposit account,
but a high average credit card spending although no universal bank credit. This group is less
risk averse as they do not invest in relative secure investments and have a high credit card
spending.
Table 3.4: Estimated weights for variables and neurons

The box plots in Fig.3.9 show that each of the two nodes represents one level of the
response variable. The node H11 describes non-loan taker, as the median is high for this
response group. The other node H12 has a high median for loan taker, thus the description
of this node illustrates loan taker.

Figure 3.9: Box plot of personal loan and neurons H11, H12
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From the neural network analysis we conclude that young individuals with many years of
experience and high income, no securities or certificate deposit account, a high credit card
spending but no universal bank credit card are likely to be a loan taker. The model has a low
error rate of about 2%; hence, the predictions made about the target variable by this model
are reliable.

3.4. Cluster Analysis
This part applies a cluster analysis to gain further information about the associations in the
data. First, we have to decide which cluster method to use and especially choose a
reasonable number of clusters. Second, we have a close look at the clusters and interpret
them in terms of loan taker.
After trying different numbers of cluster analysis for the k-means cluster analysis and the
Kohonen cluster analysis, we decided to use a 4-means cluster analysis. This evolved to be
the one, which distinguishes the data best and is reasonable in terms of interpretation. The
distance plot in Fig.3.10 shows that cluster 4 and 2 lie the furthest away, cluster 1 and 3 lie
closer together. However, it is better not to merge 1 and 3 into one cluster. The reason is that
the distinction between loan and non-loan taker is greater if we use four clusters. The most
important variables presented in Tab.3.5 are (in descending order): online baking with a
value of 1, family, personal loan, CD account, universal bank credit card, years of
experience, age and securities account.

Figure 3.10: Distance plot

Table 3.5: Important variables for 4-means cluster
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The pie graph in Fig.3.11 shows that cluster 2 and 4 contain high proportions of loan takers.
Cluster 2 contains 61 of the in total 196 loan-takers in the data; in the cluster 2 those 61
individuals account for 52.13% of the individuals. Cluster 4 has 132 loan-takers of the 196 in
the data, which accounts for 46.8% of the individuals in cluster 4. The other two clusters 1
and 3 almost only contain non-loan taker. As our purpose is to find out, which characteristics
loan-takers have, we focus on the attributes of cluster 2 and 4. According to the distance plot
above, those two clusters lay far apart from each other, thus have different features and can
be distinguished well from each other. It is likely that loan-takers belong to two separate
groups with diverse characters. To find out more about this is an interesting task regarding
our research aim.

Figure 3.11: Pie graph of personal loan
The pie graph in Fig.3.12 shows the distinguishing variable online banking for the clusters.
Cluster 2 mostly consists of people who use online banking; while cluster 4 is characterised
by people who do not use online banking.

Figure 3.12: Pie graph of online banking
Regarding the variable family (Fig.3.13), cluster 2 does have equal proportions for each
family size. Hence, the variable family size does not clearly distinguish loan-taker in cluster 2.
In cluster 4, the trend is more obvious, as this cluster mostly contains people with a single
household.

Figure 3.13: Pie graph of family
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The variable CD account presented in Fig.3.14 distinguishes well between cluster 2 and 4. In
cluster 2, each individual has a CD account. Cluster 4 contains solely people who do not
have a CD account.

Figure 3.14: Pie graph of CD account
The variable credit card (Fig.3.15) distinguishes cluster 2 well from the other ones. In
general, most of people in cluster 2 hold a credit card from the universal bank. For cluster 4,
we see that most of the individuals do not hold a credit card. However, this is similar to
cluster 1 and 3.

Figure 3.15: Pie graph of credit card

Concerning the variable securities account in Fig.3.16, cluster 2 has equal proportions of
both groups while in cluster 4 most clients do not have a securities account.

Figure 3.16: Pie graph of securities account
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Regarding the education level shown in Fig.3.17, cluster two shows same proportion for each
category, thus this variable is not helpful to distinguish cluster 2. However, cluster 4 does
contain mostly education level 3, which indicates advanced or professional level.

Figure 3.17: Pie graph of education
Overall, we decide that cluster 4 gives an informative description of potential loan taker.
Those people do not use online banking, mostly have a single household, do not have a CD
or securities account, do not have a credit card of the universal bank and have a high level of
education. In other words, well-educated single people not interested in extra services of the
bank.
Cluster 2 also describes potential loan taker. However, it gives less information about there
character. Those people are online bank user, have a CD account and a universal bank
credit card. In other words, people who use extra services of the bank. Unfortunately, this
cluster does not give any specific demographic description.

3.5. Principal Component Analysis
Using the principal component analysis, we try to reduce the dimension of the explanatory
variables and build some PCs, which sum up the information of the data variables. First, SAS
produces a default number of PCs of which we select a few using a cut-off rule. Second, we
try to interpret the components regarding our aim to characterise individuals who tend to take
a loan.
SAS creates 16 principal components as the default setting where eleven of them have an
eigenvalue of greater than one, which is the cut-off point when selecting a number of PC to
use (Fig.3.18). The proportion of the total variation explained by each PC is small, beginning
at 15% for PC1 going down to 5% for PC11 and adding up to a cumulative proportion of 87%
(Tab.3.6). Overall, each principal component explains only a low proportion of variation in the
data. To explain an appropriate amount of variability we need 11 principal components.
Considering that the data itself only contains 13 variables, the method seems not to give a
useful reduction of dimension. However, we will try to find out if there are some useful results
in the output.

Figure 3.18: Eigenvalue proportion
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Table 3.6: Eigenvalues

Using the important coefficients estimates of the variables for each PC, we can interpret
them. In Tab.3.7, the coefficients for the first five principal components are shown. The first
PC indicates that a loan taker has a CD account, a universal bank credit card, a high income,
a mortgage and a high average credit card use. The second PC describes a loan taker as
somebody who does not use extra bank offers as securities of CD account, online banking
and universal bank credit card. Moreover, this person has a high income, is young, has only
a few years of experience, a mortgage and a high average credit card usage. The third PC is
already explained by the first PC and it does not contribute any further information. As we go
down in the order of components, we conclude that all of them are already explained by one
of the first two. Furthermore, there explanation of variability proportion descends, thus it is
not worth to interpret them.
Table 3.7: Principal component coefficient estimates
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In conclusion, the dimension reduction is not successful for this data. The method creates 11
PCs with an eigenvalue bigger than one, which altogether explains 87% of the variability.
Considering that the data set itself has 13 explanatory variables, this is not a good result.
However, interpreting the first two principal components show that both of them could be
useful for deciding which characteristics loan-taker could have. PC1 describes individuals
with a high income who also use different credit facilities of the bank as credit card and
mortgage but also have stored money on a CD account. PC2 consists of young people with
only a few years of experience but a high income. They use additional bank facilities as CD
account and online banking, also different credit services as mortgage and credit card. The
remaining nine PC can be discarded from the interpretation, as they do not inhabit further
information.

4. Conclusion
The aim of the universal bank is to convert there liability customers into loan customers.
They want to set up a new marketing campaign; hence, they need information about the
connection between the variables given in the data and an enhancement of loan customers.
The data is based on a campaign with the same purpose ran last year. Five data mining
techniques are used in this study to determine a link between the 12 variables given in the
data and the response variable personal loan. Those techniques are explanatory data
analysis, classification trees, neural networks, cluster analysis and principal components
analysis. Summing up the conclusions from the different data mining techniques, shows that
three different groups of possible loan taker can be classified.
1) From the EDA, entropy tree, neural network and principal components analysis we
follow that young people with a high income over $113500, many years of experience
and low education level are likely to take a loan. This group might be described as “a
new generation self-made man” as they do not have a high education level and still
have a high income at a young age. A further characteristic of this group is a high
average credit card spending per month of over $2800. Less important is that they
probably have a CD or securities account and a family with several members.
However, those two facts are not clear.
2) From the EDA, entropy tree, cluster analysis and PC analysis we find a second group
of possible loan taker. This group consists of individuals with a high education people
and with a high income of over $94500. They like to use extra services as online
banking; thus, like to use new medium as internet. Moreover, these individuals use
different credit possibilities of the bank, as they have a mortgage and exhibit a
universal bank credit card. Some have a high average credit card spending over
$2800. In addition, the use of investment possibilities as CD or securities account
characterises this group. Overall, this is the group of “open minded people” due to
there high education and openness to different facilities of the bank.
3) The cluster analysis reveals a different kind of group, which is composed of welleducated single people who are not interested in additional bank services as CD or
securities account, online banking or credit card. This group can be named as
“conservative” as the individuals are not open to new facilities that the bank has to
offer.
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Appendix A : Histograms for interval and transformed interval variables

Age
Skewness
Kurtosis
Mean
Std Dev

Sqrt (Age)
Skewness
-0.2
Kurtosis
-1.09

-0.029
-1.15
45.34
11.46

Experience
Skewness
-0.03
Kurtosis
-1.12
Mean
20.1
Std Dev
11.47

Sqrt (Experience + 4)
Skewness
-0.44
Kurtosis
-0.76

Income
Skewness
0.84
Kurtosis
-0.04
Mean
73.77
Std Dev
46.03

(Income)** 0.25
Skewness
-0.08
Kurtosis
-0.62
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CC Avg
Skewness
1.6
Kurtosis
2.65
Mean
1.94
Std Dev
1.75

Log (CC AVG + 1)
Skewness
0.36
Kurtosis
-0.44

Mortgage
Skewness
2.1
Kurtosis
4.76
Mean
56.5
Std Dev
101.7

Sqrt (MORTGAGE +
Skewness
1.2
Kurtosis
0.03

Family
Skewness
0.16
Kurtosis
-1.04
Mean
2.4
Std Dev
1.15

Education
Skewness
0.23
Kurtosis
-1.55
Mean
1.88
Std Dev
0.84
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