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ABSTRACT

Customer relationship marketing (CRM) is the process of predicting customer behaviour and selecting
actions to influence that behaviour to benefit the banking industry. Data mining provides the technology for
the banking industry to analyze mass volume of data and/or detect hidden patterns in bank data to convert raw
data into valuable information. This paper discusses the potential value and applications of data mining tools
for effective customer relationship marketing in the banking industry.  
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Introduction 

Data mining is a process and a technology, which materialized from information systems, and information
technology, used to detect the previously unknown in order to gain competitive advantage. The volumes of
customer information and increasingly complex interactions with customers have propelled data mining to the
forefront of making customer relationships profitable. 

Data mining uses sophisticated statistical processing or artificial intelligence algorithms to discover useful
trends and patterns from the extracted data. Data mining can yield important insights including prediction
models and associations that can help companies understand their customers better. Front office applications
can enable marketing personnel to have dynamic access to decision support models from different delivery
channels to decision support models (Chye et al, 2002). 

CRM is crucial in the on-line business environment because face-to-face contact is impossible on the net
and customer loyalty can waver easily. As gaining customer loyalty becomes the focus in an E-business
environment, it is not surprising that analysts have referred to CRM services as one of the hottest enterprise
services today (Chye et al, 2002). 

CRM first, seek on how to get closer to the customer by utilizing the hidden data in broaden databases
and then transform the company into customer-centric organizations with a greater focus on customer
profitability as compared to line profitability. CRM helps banks to improve the productivity of its interactions
with customers while at the same time making the interactions seem supportive through individualization. To
succeed with CRM, banks need to make their products and operational drive equivalent to prospects and
customers, to cautiously manage the customer life cycle. 

Objectives of CRM include increased cross-selling possibilities, better lead management, better customer
response and improved customer loyalty (Chin, 2000). The potential areas of application of data mining
techniques are practically without limit. In banking services, a wide variety of data analysis solutions to the
banking industry are provided. 
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The broad categories of application of data mining techniques in the banking and financial industry may
be viewed as follows: risk management, portfolio management, trading, customer profiling, and customer
relationship management (Zytkow and Klösgen, 2002). Other applications include credit fraud detection, cross-
selling of all finance products, etc. 

In the area of customer relationship management (CRM), the applications are customer segmentation,
profitability, prospecting and acquisition, affinity and cross sell, retention and attrition, channel utilization, and
risk analyses. Through these services, customers understand causes of customer attrition, how to improve
customer retention, discover cross product utilization, and how to improve the management of channels, ATMs,
etc. 

The patterns discovered from data mining models can lead to restructuring the method of a marketing
department. Combining the discovered trends profitability and affinity results, the right time marketing can be
implemented on the basis of dynamic customer life cycle models.

The knowledge obtained from CRM enables banking industry to estimate the profitability of individual
accounts. Customers are distinguished in terms of their profitability. Banks can also build predictive churn
models to retain their best customers by identifying symptoms of dissatisfaction and churning. 

While the tremendous business value of customer-centric marketing and management strategies is intuitive,
implementing CRM initiatives have only been popularized by recent developments in technology, particularly
in data storage capabilities, data warehousing applications, and data mining techniques (Berry and Linoff,
1997).

Data mining techniques allows the banking industry to analyze customer and credit portfolio accurately
to reduce its credit risk and monitor high-risk accounts; analyses mortgage customers' transactional history in
checking, savings and other accounts for insight into customers' risk of default; aid in the estimation of
customer behaviour data to evaluate bad loans, so that credit risk managers can allocate optimal loan loss
reserves which affects profitability directly; and in customer acquisition.

In CRM, data mining is often used to give a score to a particular customer indicating the likelihood that
the customer will behave in the required way. It is normally used to distinguish a set of characteristics called
a profile, which segment customers into groups with related behaviours.

Today, exploratory data mining methods such as automatic cluster detection and market basket analysis
can be used to discover attributes in customer databases that predict response rates to the bank's marketing
campaigns (Peacock, 1998). Attributes that are identified as campaign friendly can then be matched to new
lists of non-customers in order to increase the effectiveness of the marketing campaign. 

Banking industry observed that it will be unlikely and lucrative to know their customers individually and
so the industry has to predict the behaviour of their individual customers through the banks transactional and
operational information in their database.

Materials and methods

The data mining methodology considered in this paper comprises of the following five stages: Sample,
Explore, Modify, Model, and Assess (SEMMA) as evaluated in SAS Institute (1998).

Sampling is desirable if the data for analysis are too voluminous for reasonable processing time or if it
is desirable to avoid problems of generalization by dividing the data into different sets for model construction
and model validation. Exploration and modification refer to the review of data to enhance its understanding
and the transformation of data respectively. The modeling stage is the actual data analysis. The assessment
stage allows the comparison of models and results from any data mining model by using a common yardstick
such as lift charts, profit charts or diagnostic classification charts.

Data mining tools can be broadly classified based on their operations, such as, description and
visualization; association and clustering; and classification and estimation (prediction). Description and
visualization can contribute greatly towards understanding a data set and detecting hidden patterns in data,
especially data containing complex and non-linear interactions. They are usually performed before modeling
is attempted and represents exploration in the SEMMA methodology. Standard description tools include
summary statistics (for example, measures of central tendency and measures of dispersion) and graphical
representations (for example, distributions and plots). Visualization can be considered an enhanced graphical
approach that allows user input and interaction. Visualization tools are enhanced with colours. In the data
mining context, description and visualization tools can be used to understand people, products and process, and
study the relationships among variables. The analysis results are usually used as a means to construct better
data mining models to predict certain target variables.
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In association, the objective is to determine which variables go together. For example, market basket
analysis refers to a technique that generates probabilistic statements. Link analysis is a data mining tool, which
can also be considered an association technique. It looks at connection, that is, relationships of how people,
places and things are connected. In clustering, the objective is to group objects in such a way that objects
belonging to the same cluster are similar and objects belonging to different clusters are dissimilar. The two
most common data mining tools for clustering are cluster analysis and self-organizing map (or Kohonen
network). As an application, clustering can be used for market segmentation to group consumers and customers.

Data mining software that can be utilized are traditional statistical methods (such as cluster analysis,
discriminant analysis, and regression analysis), and non-traditional statistical analysis (such as neural networks,
decision trees, link analysis, and association analysis). 

The basic steps of data mining for effective CRM are defining business problem; building marketing
database; exploring data; preparing data for modeling; building model; evaluating model; and deploying model
and results. This is shown in Figure 1 

Fig. 1: Basic steps of data mining for effective CRM 

The data mining algorithm approach involves the following steps, which is illustrated in Figure 2:
1. Select an appropriate algorithm
2. Implement the algorithm in software
3. Test the algorithm with known data set
4. Evaluate and refine the algorithm as you test with other known data sets
5. Publish the results.

Result and discussion

The main applications in data mining involve prediction. Classification is the prediction of a target variable
that is categorical in nature (for example, predicting fraud versus non-fraud, high-risk versus low-risk, or
purchaser versus non-purchaser). Estimation is the prediction of a target variable that is metric in nature, such
as in predicting the amount spent or the account balance). 
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Fig. 2: Steps used in the data mining algorithm approach (Ogwueleka, 2008)

To construct prediction models, one of the data mining tools usually used is multiple or logistic regression,
neural networks and decision trees. Logistic regression is a tradition statistical method similar to regression,
except that it handles categorical target variables. Neural networks are useful for recognizing patterns in the
data and are modeled after the human brain, which can be perceived as a highly connected network of neurons.
Neural networks (NNs) present a method of efficiently modeling huge and complicated problems in which there
may be hundreds of variable predictors that have many interactions. NN is used for regression and
classification problems. NNs starts with an input layer, where each node corresponds to a predictor variable
and these input nodes are connected to a number of nodes in a hidden layer. The output layer consists of one
or more response variables.

Decision trees are methods of representing a series of rules that lead to a class or value. Decision trees
(DTs) models are used normally in data mining to scrutinize the data and create a tree and its rules that will
be used to make predictions. Different algorithms may be used for building DTs including CHAID (Chi-
squared Automatic Interaction Detection), CART (Classification and Regression Trees), Quest and C5.0. The
objective of DTs is estimation and/or classification by separating observations into mutually exclusive and
comprehensive subgroups. The end product can be graphically represented by a tree-like structure. In applying
the decision tree methodology, each observation is assigned to a node that has a predicted value or
classification. 

Assessing the three prediction models, decision trees are the most interpretable in that they can be
translated into decision rules. In the case of neural networks, decision trees can be used to model complex non-
linear and interaction relationships.
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One possible data mining application in banks is risk management, such as credit risk assessment or credit
scoring. In the past, assessing credit risk (for example, in loan approval and overdraft facilities) had mostly
been a rule-based affair and the rules are usually derived from weathered industry norms. In the last couple
of years, more accessible and easier-to-use data mining software has made it possible for powerful data mining
techniques to be applied to risk assessment and other banking-related business problems (Berger, 1999). 

A decision tree solution for credit risk assessment produces credit-scoring rules for all the accounts in a
bank database, and credit jeopardy lists can be drawn up by the use of multiple database queries. This scoring
or classification of high/low risk is based on the attributes of each customer account such as overdraft records,
outstanding loans, history of derogatory credit reports, account type, income levels, and other information.

Data mining can also be used in customer retention applications by employing churn modeling. In a typical
application, data mining identifies customers who are profitable and who are likely to leave or churn. With
the information, the bank can target these valuable but vulnerable customers for extra value-added customer
services, special offers and loyalty incentives (Peacock, 1998). 

In banking, churn modeling is an important data mining application. A customer retention application or
churn modeling can be used by banks especially banks observing growing competitive challenges from other
financial institutions and banks that meet customer defections in its home loans, which is observed to be one
of the banks highly valued customer bases. Banks can give their new customers in home loans lots of
incentives as its marketing policy. This will make the bank to have a comparatively higher initial cost of
acquisition than its competitors. 

Predicting churn likelihood is important to the banking industry for reducing the number of new customers
who defect soon after being acquired. Banks has a customer database that consists of transactional and
demographic information concerning home loan customers to aid them. 

For predictive modeling, three data mining tools are usually appropriate; namely, logistic regression, neural
network and decision tree. SPSS Clementine, a data mining software can also be used. Predictive modeling
is the most important analysis. Logistic regression, neural network and decision tree can be used to model
customer churn in home loans. Before performing predictive modeling, the sample data is partitioned into a
construction/training sample (probably 75 percent) and validation/test sample (probably 25 per cent).

Conclusion 

CRM is essential to banking industry to aid in competing effectively in today’s marketplace. The more
effectively information about customers are used to meet their needs, the more profitably the banking industry
will be. Data mining’s growth in practice, effectiveness and its increasing popularity in the commercial world,
especially in banking industry cannot be overemphasized. 

Potential data mining applications for banks include churn modeling, construction of credit scoring models
to assess the credit risk of loan applicants or credit card applicants; construction of fraud detection models to
give early warning signals of possible fraudulent transactions; usage in understanding consumers and customers
better (for example, via market basket analysis), or segment customers (for example, via clustering). The
findings can then be used, to prepare mail catalogues, target advertisement and promotion campaigns, etc. Data
mining can also be used to construct models to predict the probability of purchasing certain products or
services in order to facilitate cross selling or up selling. 

The path to a successful banking industry requires that the customers and their requirements are understood
and data mining is the essential guide. From this study, there is no reservation that data mining is potentially
useful in the banking industry. Banks that can realize the potential usefulness of data mining in transforming
raw data into valuable information will surely gain strategic advantage and competitive edge over its rivals.
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