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Abstract - Database marketing, i.e. the marketing of new or additional products to existing customers has become an 
important part of the marketing activities in general. This is a consequence of the advances in computer technologies and the 
development of powerful knowledge discovery algorithms. Such efforts of determining the customers who are more likely to 
buy the targeted products are known as cross sell and up sell modeling and it is a part of analytical customer relationship 
management. Many big companies have been developing these models for quite a long time now but due to competition 
issues no one is making the details of their methodology known to public. The studies available in the literature are mostly 
built on small examples which may be far from reflecting the dynamics of big real life problems. In this study, based on our 
experiences in banking sector of more than 12 years, we first describe the full modeling cycle in detail and then discuss some 
success factors which are very critical in developing good models. We provide some solid comparisons of alternative choices 
in modeling. 
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I. INTRODUCTION 
 
With the advances in computer technology and the 
accumulation of data, database marketing (DBM) 
became an important part of CRM (customer 
relationship management). It involves building, 
organizing, supplementing, and mining customer 
transaction databases to increase the accuracy of 
marketing efforts by enabling the identification of the 
best prospects for marketing efforts (Goodman 1992, 
Labe 1994). Direct marketing is a similar concept but 
it includes marketing to external databases as well 
whereas DBM is typically limited with the databases 
related with the own customers of a company (Bose 
and Chen 2009). 
 
The two most popular tools of DBM are cross sell 
and up sell modeling. In cross selling, one is 
interested in the likelihood that a particular customer 
will buy certain products or services that s/he does 
not own yet, given ownership of other products and 
services. Cross selling is one of the main CRM tools 
for forging stronger relationships with customers 
(Kamakura, Ramaswami and Srivastava, 1991). In up 
selling, our interest is whether the customer will buy 
additional copies of the same product or a similar 
product having a higher value. We combine both 
types of models in the word “marketing models”. 
Cross or up sell modeling can also be defined as 
binary classification modeling where the customers 
are labeled to be in one of the two mutually exclusive 
classes (Cui et al. 2008). These classes are the 
product buyers (the positive class) and the product 
non-buyers (the negative class). 
 
An important benefit of cross-up selling is that it 
allows the firm to learn more about the customers’ 
preferences and buying behaviors, thereby increasing 
its ability to satisfy their needs more effectively. 
Also, as a customer acquires additional services or 

products from a vendor, the number of points where 
customer and vendor connect increases, leading to a 
higher switching cost to the customer. This would in 
turn lead to a reduced churn rate. On the other hand, 
frequent attempts to cross-up sell can render the 
customer non-responsive or even motivated to switch 
to a competitor (Kamakura et al. 2003). Thus, it is 
very important to offer the right product to the right 
customer at the right time and this can only be 
achieved by developing effective marketing models. 
Having put the top importance of developing very 
good models, we can now have an outlook of the 
relevant literature. Actually, the analytical marketing 
literature is quite rich. In many studies, the 
performances of alternative algorithms are compared 
for marketing purposes. The studies of Levin and 
Zahavi (1998), Bult (1993), Van den Poel and 
Buckinx (2005), Shin and Sohn (2004), Kim et al. 
(2005), Baesens et al. (2002), Haughton and Oulabi 
(1997), Ling and Li (1998), Buckinx et al. (2004), 
Bodapati and Gupta (2004) and Viane et al. (2001) 
are some good references where we can see the 
implementation of regression (linear, logistic), neural 
networks, support vector machines, decision trees and 
Naïve Bayes algorithm. Most of these studies focus 
on a special aspect of model building and in general 
the data used is small with few number of variables 
and records. There are also some studies derived from 
real life projects but in that case details of modeling 
art are not given. 
 
Here in this study we first give a full description of 
all phases of developing marketing models. Then, 
established from our extensive experience in banking 
sector for more than 12 years, we identify nine 
critical success factors and indicate how each of them 
should be treated. These factors can be grouped as 
data related ones (data availability and quality, input 
variable selection and how they are used), training set 
related ones (composition of the training set, 
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determining model application period and clustering) 
and, modeling technique related ones (algorithm 
selection, model assessment and feeding campaign 
results back to modeling) where the focus of this 
study is be the elaboration of data related and 
modeling technique related success factors (the 
training set related ones will be elaborated in a further 
study). When the detailed six success factors are 
handled correctly we obtained about 300 per cent 
better performing models which we believe 
everybody can achieve similar results whenever 
similar conditions hold. We also provided an insight 
about the relative importance of these factors. We 
believe that this study can act as a good reference for 
marketing modelers and data mining specialists. 
 
In the next section, the full project cycle of 
developing marketing models is described in general 
terms. Then, in the following two sections we discuss 
the success factors in two parts; those related with 
data, and those related with modeling. For each 
factor, we discuss how it should be handled and based 
on our experience we provide some comparative 
results.  Section 5 is more like a case study and it 
gives some real life improvements where the success 
factors had been handled differently. We also provide 
an indication of the relative importance of the success 
factors. The paper is concluded in section 6 where the 
limitations and possible extensions of the study are 
discussed also. 
 
II. STEPS OF MODELING 
 
A typical process flowchart of database marketing 
activities is given in Figure 1. A general description 
of these activities is provided below. 
The first step is the determination of variables that 
can be useful in marketing models. If there has been a 
marketing data mart prepared before, the study can be 
started by a general evaluation of it and suggesting 
some additional variables as necessary. At the end of 
this step the data dictionary (the list of variables and 
their detailed descriptions) is made ready and then 
they are given to the IT team for their software codes 
to be prepared.  
 
The IT team which is composed of business analysts 
and software programmers, gather the raw 
information available in the data warehouse tables, 
performs the necessary arithmetic operations to 
obtain the desired variable values and then writes 
them to the data mart tables. 
After it is believed that the data has sufficient quality, 
the model development processes can be started. The 
first step of model development is data preprocessing 
where uni-variate analysis is typically the starting 
point. In uni-variate analysis, the correlation between 
the explanatory variables and the target variable is 
investigated to see which ones have higher 
explanation power. 

The modeling is continued by developing a number 
of alternative models by different algorithms and/or 
modeling techniques. Then, the quality of these 
models is assessed (according to the business 
objectives) and the best performing one is chosen to 
be implemented. At this step, by looking at the 
variables taking place in the good models, some more 
good variables (which details the information 
contained in the model variables) can be suggested to 
be included in the data mart. 
After the implementation, it is very important to 
follow up the results. After several campaigns are 
carried out, the results (positive or negative responds) 
should be introduced to the next generation models as 
a new variable. This way, as time progresses one can 
have better performing, in other words, self 
improving models. 

 
Fig. 1. Building Marketing Models 

 
III. DATA RELATED FACTORS 
 
In this section we investigate the data related success 
factors. This starts with the availability of sufficient 
and quality data and continues with which input 
variables should be selected for modeling and how 
they should be used. 
 
3.1. Data Availability and Quality 
For any data mining project the first thing needed is 
data. The amount of data should be sufficiently large 
in several aspects. The first aspect is the number of 
records (in our case customers). There should be 
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enough number of customers in the database for the 
algorithms to have sufficient learning. Additionally, 
there should be enough number of representatives of 
the classes (buyers and non-buyers in case of a binary 
marketing model). Typically, the members of one 
class are much less than the other so, the number of 
customers in that (minor) class becomes more critical. 
We can say that the more the number of customers in 
the positive class the more effective the learning 
process will be. However, if the number of buyers is 
very large (several ten thousands should not be taken 
as large) than a reduction (sampling) can be taken up. 
In this case, elimination of older examples and 
keeping the recent ones should be preferred as the 
dynamics of the market could have been changed 
throughout time and the most recent examples should 
be more similar to the events that will take place in 
near future. For an effective learning, we experienced 
that the number of positive class examples (actually 
both classes) should be minimum 3000. For 1500-
2000 examples we observed that the models 
developed are still quite useful. For fever number of 
examples the models might be quite unstable. In such 
cases hybrid models could be attempted where 
statistical results are combined with the domain 
expertise of the business users. 
The second aspect is the availability of enough 
explanatory variables in the marketing data mart. 
These variables can be of demographic or behavioral 
type and they are used to determine what type of 
customers become buyers or non-buyers. The number 
and information coverage of these variables should be 
large enough to reflect any kind of customer 
dynamics leading to product buying (or, non-buying). 
The demographic variables are more or less fixed 
(age, sex, education, marital status, area of residence, 
income etc. if we are talking about individuals). 
However, in most cases, these can face with serious 
data quality problems and large percentage of missing 
values. These facts make the demographic variables 
less useful in building the marketing models. 
Independent of this, our experience is that, even if 
they have high quality and little missing values, they 
do not turn out to be as effective as behavioral 
variables. Thus, one may not bother the problems of 
demographic variables and can continue directly with 
the behavioral ones.  As the behavioral variables are 
obtained from the operational systems of the 
company, normally they have a high data quality 
unless there are some casual problems during data 
collection or preparation. The company may have 
many operational components and the data collected 
from them could have been stored historically on a 
number of data warehouse tables. Although some 
software vendors claim that they can do the data 
mining process directly in the data warehouse, 
typically and traditionally it has been preferred to 
prepare a data mart table tailor made to the business 
objectives. In this sense, some to the point variables 
are defined, the raw data necessary to prepare them 

are retrieved from the relevant tables which are then 
merged by the appropriate arithmetic operators to 
form our desired variable and then written to the 
marketing data mart. The number and coverage of 
these variables are quite critical in obtaining good 
performing marketing models. For banking, the 
marketing data mart can typically contain 200 to 500 
variables.  
The third aspect of data availability is the historical 
length of the marketing data mart. Marketing data 
marts are typically prepared on a periodical basis and 
in most cases the period is one month. That is, at the 
end of each month, the values of all variables are 
calculated once again and the results are written to 
the table. In doing so, the old values calculated at the 
end of previous month are kept also. Throughout time 
the data mart tables gets longer and longer with the 
newly added data. For marketing purposes some 
history is needed since the models should ideally be 
developed and tested with the historical product 
purchase data. By using several months’ data to form 
the training set and another several months for testing 
the models, we can say that an historical data of one 
year would be good for marketing purposes. Note 
that, history requirement changes according to the 
problem domain. For example, for churn or risk 
modeling a longer history would be required. 
Other than the availability of sufficient data, the data 
we have should bare a very high quality. By quality 
we mean both the correctness and a high filling ratio 
(or, few missing values). To assure the correctness of 
the data, first the software programmers who 
prepared the data mart should make their own tests to 
check if the result is what they meant. After that the 
business domain experts should make a detailed 
investigation on the values of the variables to check if 
they are suitable to their expectations. At this stage, 
some basic statistics like average, minimum, 
maximum and total of variable values on all 
customers can be quite useful. Such tests can also be 
repeated on successive periods where a sudden or 
sharp change might indicate a problem in data 
preparation.  
 
3.2. Input Variable Selection 
Selecting the most appropriate and predictive ones 
among hundreds of variables is a very challenging 
and difficult task. Parallel to its complexity, it is 
possible to find many papers or books in the 
literature. Factor analysis (FA) and principal 
component analysis (PCA) are the two more formal 
ways of variable reduction. In PCA, the most 
predictive variables are tried to be identified whereas 
in FA a small number of orthogonal vectors which 
represent the full set of variables greatly are 
determined. In both methods, the aim is to represent 
the predictive power of a large data mart by fewer 
variables. However, there are no studies in the 
literature which claims that such tools are really 
useful. A set of variables determined by ad hoc 
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methods can perform perfectly better than these 
approaches.  
Assuming that the variable selection will be made 
among the original set of variables (i.e. derivation of 
new variables by FA or some functional 
transformations on variables are not allowed), if we 
decide to use m out of n variables, the number of 
alternative variable sets are determined by C(n,m) 
which is equal to n!/m!(n-m)!. As we don’t know 
which value of m would lead to the optimal result, the 
number of variable sets could theoretically reach to 2n 
(the number of all subsets of the data mart). This 
shows the complexity of the variable selection 
problem. The possibility of deriving new variables 
would increase the complexity even more. 
Continuing with the same assumption of selecting the 
optimal set of variables from the original list, some 
software packages furnish the linear and logistic 
regression type algorithms with stepwise (forward or 
backward) variable selection methods. Forward 
stepwise method starts with no variables then, at each 
step it includes the variable which increases the 
prediction accuracy the most. When the selection of 
any of the remaining variables cannot increase the 
accuracy as little as a pre-specified small threshold, 
the process is stopped. The stepwise backward 
method starts with the full list of variables on the 
contrary and at each step it removes the less 
predictive variable from the list. It stops when the 
accuracy loss is larger than a threshold level when 
any of the remaining variables is removed. 
The above mentioned methods can prove quite 
successful and they should be tried. However, in our 
experience in developing marketing models in banks, 
we noticed that the decision trees turn out to be more 
successful predictors and they are less prone to 
variable selection problem. When the full list of 
variables is given as input to a decision tree 
algorithm, it selects the useful ones (according to its 
logic of course). A change in the variable list does not 
affect the performance of the algorithm as much as it 
affects the performance of a regression model. The 
statement is especially true for the CHAID algorithm 
(Kass 1980) which according to our experience, is the 
most successful algorithm for marketing models. 
 
3.3. The Way of Using Input Variables 
There has always been a debate on how to use the 
input variables, in their original form or after a 
preprocessing? Capping which helps getting rid of 
extreme and outlier values, categorization of a 
continuous variable into several bins or application of 
a functional transformation are typical alternatives 
that can be taken up during the preprocessing.  
For some algorithms such actions should be taken to 
get better results. Among these algorithms we can 
count the regression (linear or logistic) and the neural 
network type algorithms as they can be very sensitive 
to extreme values. To remove the undesirable effects 
of extreme values capping (ignoring very large or 

very small values and assigning them to  
predetermined max or min values), and categorization 
where all extreme values are collected in only one 
category are the two tools that work very well. On the 
other hand, decision tree algorithms are not prone to 
such problems as they act like automatic 
categorization tools. Indeed, preprocessing may make 
the performance of a decision tree algorithm worse. 
We experienced up to 50 per cent average increase in 
the performance when the variables are used in their 
original form as compared to when they are 
categorized. (Kass 1980) which according to our 
experience, is the most successful algorithm for 
marketing models. 
 
IV. MODELING TECHNIQUES 
 
In this last group of success factors we will 
investigate algorithm selection, model assessment 
criteria and feeding the campaign results back. 
 
4.1. Algorithm Selection 
It is not easy to make a strong generalization saying 
that this algorithm is better than the other. Thus one 
should try all of the options he has. We also did the 
same and implemented four type of decision trees 
(CHAID, C5.0, C&RT, QUEST), Neural Networks 
(NN) with several options (RBFN, Quick, Dynamic, 
Multiple, Prune and Exhaustive Prune) and Logistic 
Regression (Logit).  NN and Logit require much 
more effort of preprocessing since they are affected 
more from the extreme values. For all of our seven 
products (and later for the ten products of SME 
banking also) we observed that one of the decision 
tree algorithms (mostly CHAID and sometimes 
C&RT) performed the best. Although in later projects 
we noticed that Logit is a very good performing 
algorithm for risk modeling and NN is a good 
algorithm in fraud modeling, for our marketing 
purposes we generalized that decision trees are the 
best and for the model updates we contented with 
comparing CHAID (Kass 1980) and C&RT (Breiman 
et al 1984) only. 
 
4.2. Determining Model Assessment Criteria 
The criteria with which the alternative models will be 
compared are extremely important. The typical 
approach taken up in the literature is as follows. After 
the training set is formed it is divided into two pieces. 
On the larger piece (typically 60-70% of the whole) 
the models are trained and on the smaller piece (the 
so called test set) they are tested. As for the 
performance criteria typically the accuracy 
(percentage of correctly classified cases) or ROC 
based measures are used. These are typically recorded 
on the test set since it will be more objective than the 
training set. We do not agree with such kind of model 
assessment at all as explained below. 
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Figure 2. Comparison of models with different assessment 

criteria (balance is 1-1) 
 
As the primary reason of developing such marketing 
models is to determine which customers are more 
likely to buy our product when an offer is made to 
them then, a model which helps more in achieving 
this objective should be a better model. The model 
will be used in future so its testing should also be in 
future. For this purpose last month’s data can be left 
out of training process and be used for testing 
purpose. Such testing is sometimes named as out-of-
time sampling in the literature. This way models will 
be tested on a future data and the one performing 
better on this data can also be expected to perform 
better when the time window is shifted ahead in time. 
Also, as typically marketing efforts can be targeted to 
a small portion of the whole customer base, a model 
performing better on the customers showing the 
highest propensity to buy the product should be 
preferred to others. In other words, the models’ scores 
(propensities, confidences) can be sorted from largest 
to smallest and the hit rates (on future data) should be 
compared and the one showing better results should 
be selected. Figure 2 shows a nice demonstration of 
the idea. Here the model is about determining the 
customers who can buy the credit card product. 
Campaign lists are assumed to be formed above a 
threshold value of 70 or 80%. The accuracies of the 
models are given in the rightmost columns measured 
on the hold-out test set obtained by dividing the train 
set. If we focus on the last two rows for example, we 
see that C5.0 is much better than CHAID in terms of 
accuracy. However, when the hit rates of these 
models are compared with the real sales data of the 
next month, we see that the reverse is true; CHAID is 
much better than C5.0 even it has a larger target list 
(it has both higher hit and capture rates). 
Instead of hit rate, the capture rate (the percentage of 
actual buyers included in the model target list) and 
lift (the hit rate divided by the sales rate of whole 
population) can also be used. However when the list 
size is limited as a fixed percentage of the population, 
all these three measures will exactly be parallel to 
each other. So, looking at one of them will be 
sufficient.  
. 
4.3. Feedback From Campaigns 
The responses of customers to previous campaigns 
are very useful information. A customer that 
responded negatively to the campaign is more 
negative than a customer who was not made an offer 
and didn’t buy the product. So, it is a good idea to 

learn from such customers. If we can put this 
information as an input to the model next time 
around, then the model will tend to produce lower 
scores to that kind of customers.  
However, for this idea to work out, the campaign 
activities and the results should accurately be 
followed up. In our experience this is no way an easy 
task. Especially for the campaigns carried out by the 
customer representatives (branch personnel), the 
feedbacks given or the results filled in contain a lot of 
wrong information. In order to overcome this, the 
feedback forms can be made as simple as possible 
and some incentives can be given to those personnel 
who put in correct data. 
 
CONCLUSIONS 
 
In this study we took up the details of the database 
marketing modeling using data mining. We first 
provided a general methodology of modeling. Then 
we listed nine success factors which are very 
important in developing state-of-the-art models. For 
six of the factors we provided some useful details that 
can act as a good guide for model builders. 
Although the study carried out and the results 
obtained were related with the marketing applications 
in a bank, the lessons learnt can easily be generalized 
to other applications and to other sectors. Actually, 
except the last factor which is directly related to 
marketing, if we were to list success factors for a risk 
or fraud modeling for example, the list would contain 
all of the first eight factors in this study. 
By providing such a detailed description of predictive 
modeling methodology and by indicating some of the 
key points we hope the readers, especially the data 
mining practitioners, would benefit from our study. 
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