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Customer segmentation, such as customer grouping by the level of family income, education, or any 
other demographic variable, is considered as one of the standard techniques used by marketers for a long 
time [10].  Its popularity comes from the fact that segmented models usually outperform aggregated models 
of customer behavior [11].  More recently, there has been much interest in the marketing and data mining 
communities in learning individual models of customer behavior within the context of 1-to-1 marketing [9] 
and personalization [4], when models of customer behavior are learned from the data pertaining only to a 
particular customer. These learned individualized models of customer behavior are stored as parts of 
customer profiles and are subsequently used for recommending and delivering personalized products and 
services to the customers [2]. 

As was shown in [7], it is a non-trivial problem to compare segmented and individual customer models 
because of the tradeoff between the sparsity of data (bias) for individual customer models and customer 
heterogeneity (variance) in aggregate models:  individual models may suffer from sparse data, while 
aggregate models suffer from high levels of customer heterogeneity.  

A typical approach to customer segmentation is based on the statistics-based approach that computes the 
set of statistics from customer’s demographic and transactional data [3, 7, 12], such as the average time it 
takes the customer to browse the Web page describing a product, maximal and minimal times taken to buy 
an online product, RFM statistics [8], etc.  After such statistics are computed for each customer, the 
customer base is partitioned into customer segments by using various clustering methods on the space of 
the computed statistics [7]. It was shown in [7] that while the best statistics-based approaches can be 
effective and even outperform the 1-to-1 case under certain conditions, the approach can also be very 
ineffective as different customer statistics calculations result in different n-dimensional spaces and various 
distance metrics or clustering algorithms would yield very different clusters.  

Recent research [6] proposes the direct grouping segmentation approach that partitions the customers not 
based on computed statistics and particular clustering algorithms, but in terms of directly combining 
transactional data of several customers, such as Web browsing and purchasing activities, and building a 
single model of customer behavior on this combined data.  This approach avoids the pitfalls of the statistics 
based-approach in that it does not require selection of arbitrary statistics and grouping customers based on 
these statistics. Instead, it provides a more direct approach to customer segmentation by combining 
customers’ data collectively resulting in better model for this group of customers.  We have shown in  [6]  
that the direct grouping segmentation approach dominates the statistics-based segmentation and the 1-to-1 
approaches [5, 6].  

In this paper we aim to increase the performance of previous customer segmentation approaches [5-7] 
via the method of micro targeting, where predictive models of customer behavior are built not on the 
segments of customers but rather on the customer-product groups. For example, we may want to build a 
model predicting whether a customer is going to purchase a particular product during a visit to a certain 
website, and we may want to build this model for a certain segment of customers and a certain category of 
products (e.g., consumer electronics). Therefore, this approach no longer groups customers into a fixed set 
of segments, but rather identifies micro-targeting regions in the Customer × Product space that are the most 
suitable for building the best local predictive models of consumer behavior for a particular customer and 
product. Moreover, we can build multiple local models for a particular customer and product and select the 
best-performing one when trying to predict customer behavior for a particular product.  The proposed 
approach was based on the observation that a customer may possess different underlying utility functions 
across different types of products, and therefore should be modeled separately for different product types.  
The advantage of this approach is that the micro-targeting region is generated dynamically from a fitness 
maximization perspective, and that we could improve the predictive accuracies by generating models from 
individual and pooled customers’ product category specific preferences.  Since the identification of best-



performing micro-targeting regions is a strictly more general problem than the direct grouping 
segmentation, micro targeting should perform at least as good as for the case of segmentation. 

The proposed approach is related to the reduction-based method for providing multi-dimensional 
recommendations [1] where certain segments of ratings are selected from the multi-dimensional cube of 
ratings and recommendation algorithms use these and only these segments of ratings. However, unlike [1], 
we focus on building customers’ local models in this paper, rather than on the recommendation problem.  
Similarly to direct grouping methods, micro targeting is a type of Optimal Customer Segmentation (OCS) 
problem [6], which was shown to be NP-hard in [6].  Therefore, as in [6], we propose a suboptimal 
polynomial time heuristic for constructing micro-targeting regions using the direct grouping approach 
advocated in [5, 6].  The general heuristic of micro targeting works as follows.  Starting from single-
customer’s product specific transaction set, we iteratively seek to merge existing customer transaction sets 
by combining data from two sets SetA and SetB when 1) the predictive model based on the combined data 
for transaction sets SetA and SetB performs better than respective models on SetA and SetB and 2) 
combining SetA with any other existing transaction set would have resulted in worse performance than the 
combination of both SetA and SetB.  Micro targeting deploys a greedy search strategy since it determines 
the best pair of customer product specific transaction sets at each iteration and merges them together 
resulting in the best local solution. The algorithm terminates when there are no more improvements to be 
made from pairing existing customer product specific sets.  

We expect the proposed suboptimal micro targeting approach to outperform previous direct grouping 
methods because of its granular Customer x Product search space.  Micro targeting methods should also 
outperform the statistics-based segmentation and the 1-to-1 approaches since [6] has shown the dominance 
of direct grouping methods.   

The current status of this research is in early prototype phase.  We have designed several algorithms that 
implement the concepts of our proposed micro targeting approach, and will be conducting tests to verify 
the validity of our proposed methods across a wide range of empirical settings including different (a) 
panelist datasets (real and synthetic), (b) micro-targeting approaches, (c) prediction tasks, (d) performance 
measures, and (e) predictive classifiers built on the micro targeting sets of customers and products. 

In summary, the contribution of this research lies in achieving better predictive performance of local 
predictive models by increasing the granularity of the customer preference analysis without sacrificing 
predictive accuracy and generalizability of previous customer segmentation approaches.  Our proposed 
algorithm also runs within the same polynomial bounds as that of the best performing direct segmentation 
approaches so as to keep computation expense within practical limits.   
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