05.31.97 TAC.doc

Vladimir Yancher, Alexander Genkin

Visualization of modeling results in Database Marketing

Introduction

Analyzing increasing amounts of data to detect hidden patterns is a major problem facing organizations today. So, there is a surge of interest in data mining and data visualization for business applications. Almost any organization has a large amount of historical data that is available for analysis in machine-readable form. Getting a visual grasp of useful facts or data patterns hidden in this data from different perspectives is a primarily goal of any data visualization technique [1]. In the essence, visualization techniques can be categorized into two basic classes: user guided or system guided. The first one represents a wide range of graphical or spreadsheet data presentation tools with no pattern discovery involved that enable the user to explore data on his/her own. The second one, the system guided visualization, involves results of data modeling as a guide within a data map leading the user directly to the point or the area of his/her objective.

Under different circumstances, both approaches can be employed. The following work represents an approach to visualization of modeled marketing data with different level of detail and system supervision.

Problem domain

In the business world the most successful and widespread application of data-mining and visualization technique is DataBase Marketing (DBM). One of DBM major goals is analyzing customer data to identify customer purchase patterns among existing preferences. As a result, marketing strategies created based on these patterns become more effective. As a practical example to apply visualization techniques, we consider a customer response analysis where a maximization of a number of responders is a goal of analysis. CrossZ

Software has been developing data visualization approaches belonging to both: user guided or system guided classes. The first, user guided one is based on unique multidimensional data querying technology with the ability to abstract very large data sets and create customized data marts called Query Objects ( QO ) which are small enough to fit on a PC. The user of QO is enabled to confirm or refute his hypothesis in the form of multidimensional queries (defined as a card deck metaphor) in real time (see Figure. 1).

Figure 1. Multidimensional Query Browser

In particular, this QO product was chosen by Allstate Insurance Company, one of the leading insurers of

Hispanics. The QO system enabled Allstate to identify how many Hispanic surname customers they insure, to size the market potential and to make a founded decision of how to reach them and target specific

segments of them. However, the bottleneck for query analysis is the shortage of hypothesis on the part of

the analyst. In the end of this paper we show how to leverage the potential of QO browser with results of

data modeling, how to guide the user in his attempt to turn operational data into meaningful information and

how to build and visualize multidimensional cubes covering those areas and eventually use the most

interesting cubes for querying in attribute space.

Model guided data visualization

To help the user explore very large data sets the CrossZ employs various data modeling techniques such as a linear

regression or tree based models such as CHAID or CART [2]. The high-value information patterns uncovered by

models are delivered in the form of regression coefficients or easy-to-grasp decision trees. Those patterns are

identified based on historical customer records and used to predict customer behavior. Patterns found by a model

guide the user through data exploration and visualization process in the following system guided visualization steps.

Cumulative Gains-Charts . The most general form of result visualization (see Figure 2) is a cumulative gains-

chart that is aimed to compare modeling techniques and to target customer segments. After building a marketing

response model, data patterns are used to rank customers according to their likelihood of response. Subsequently the

ranked records are used to build cumulative gains-charts of response vs. base counts. Although the response rate in

many cases is often low (e.g. 3%), and it is difficult to predict the class of respondents with high accuracy for all

records, but a good model can concentrate the likely responders near the top of the list. The best selected model (see

Figure 2) of those used in our analysis yields considerable improvement in the lift of response rate. E.g. the top 5%

of the sorted by model score records may contain over 30% of all responders.

Figure 2. Modeling Cumulative Gains-Charts

To build cumulative Gains Charts shown above we used the Fractal Navigator program developed at CrossZ for

business applications to present results of predictive modeling. Fractal Navigator enables the user to pick a desired

�

*DLQV�&KDUW

�