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Introduction
Understanding the behavioral responses of individuals to the actions of business is an on-going need of companies and organizations providing goods and services within a competitive environment.  Choosing one thing over another, choosing to do or not to do something is an active (overt) response on the part of a consumer.  The development of a formal structure from which to explore these choices holds the promise of accurately anticipating the likely consumer response to a given product/service without having to actually submit the new or modified offering for distribution.  The ability to predict uptake and usage of a product or service enables design or modification of offerings, including features and pricing, that will lead to optimum bottom-line revenue.   

Such accurate predictions are critical for a wide variety of businesses and public organizations.  Being able to determine the elements of consumer demand provides a formidable advantage to any company or organization seeking competitive advantage.  This in turn provides the opportunity to create products and services with strong appeal likelihood and understand the value appeal of each considered product or service attribute.

The application of discrete choice modeling (DCM), based on the analysis of overt individual behavior, allows us to model the structure of a market and the behavioral preferences for a given product or service.  Through DCM we can predict the likely impact of various product and/or service feature combinations - doing so by the deployment of competitive scenario computer simulations rather than static report documentation.

Designing DCM Experiments

The models of choice behavior that we build are based on our observations of the actions of consumers placed in an experimental decision environment.  We present these consumer respondents with product or service alternatives built up from combinations of the features selected for testing.  The varying likelihood of selecting one such constructed product/service versus another is gauged against the feature set that makes up each alternative.  Designing those alternatives, deciding which to present to respondents, is the single most critical aspect of conducting a DCM study to ensure that the results output can be confidently used in predicting real-world consumer choices.  And because the hypothetical offerings presented to respondents are under our strict experimental control, we are able to determine which features are driving product/service selection, and to what extent each has utility in contributing to that selection.

In fact the term “utility” has a technical meaning, being the mathematical reflection of the usefulness of a particular product feature to the decision to choose the product it comprises along with other features.  The “utility score” or “choice utility” associated with a particular feature is indicative of the proportion of the product/service choice decision that was determined by that feature.  The purpose of experimental design in the context of DCM is to determine the most efficient set of choice alternatives to present to respondents from which reliable choice utilities can be calculated.

Why pick a set of choice alternatives at all?  Why not simply present all possible combinations – wouldn’t that give the most reliable data?  Yes.  But even a small experiment to gauge choice can contain more alternatives in a complete set of combinations than a respondent would be willing to sit through.  Consider a simple choice experience, choosing a laundry detergent (though we focus on a product for our example, the principles illustrated here apply equally well to service offerings).  Suppose we were interested in only five product features: brand, price, form, whether the detergent had a bleach alternative, and whether and how the product were scented.  Suppose these were the options from which we would construct hypothetical product choices:

· Four brands: Our Brand, Their Brand, Brand M, Brand Q

· Price for 100 oz. container: $3.50, $4.15, $4.95, $5.45

· Form: liquid, powder

· Bleach alternative: with bleach alternative, without bleach alternative

· Scent: mountain breeze, ocean fresh, spring rain, unscented

To present all possible combinations of these product features, we would arrive at 
4 brands x 4 prices x 2 forms x 2 bleach alternatives x 4 scents = 256 possible hypothetical products.  Suppose all four brands appear on the grocery store shelf side by side.  There are still 256 possible products from which to choose, but we’ll be looking at one possible product from each brand at a time, comparing the four brands against each other, so we’ve really cut the number of choice sets down by a factor of four.  But that still leaves a total of 64 possible choice sets as we shuffle the remaining features across the four brands, still far too many “shopping trips” to take a respondent through.

The solution to this dilemma lies in the concept of fractional experimental design.  Fractional design allows us to select the proper number of choice sets to accomplish two goals:

· First, as stated above, we want to be able to calculate reliably the contribution of each product feature to the decision choice

· Second, and just as important, we want to be able to calculate the unique contribution of each feature to that choice, uncontaminated by its association with other features.  To do this, our design must balance the number of presentations of each feature alternative to ensure there is not a biased presentation of certain feature combinations.

It is this “balancing act” that will result in the reliable assessment of each feature’s unique contribution to product selection that is the essence of fractional experimental design.  Successful implementation of this approach means we can model consumer choice decisions far more complex than the relatively simple example used here, because we need only show respondents a fraction of the choice alternatives than would otherwise be necessary.

By the way, for the laundry detergent example, mathematical design rules indicate that our experiment can be accomplished by presenting respondents with only 12 choice alternative sets.  That is, by selecting the correct set of feature combinations applied to each brand, we can calculate reliably the unique contribution of each feature to product choice with only 12 simulated “shopping trips” rather than the full design of 64 to cover variations of all the features across the four brands.  What was impractical has become a reasonable task for a relatively short interview.   

From Design to Deployment
Let’s continue to use our laundry detergent example.
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Choice set one depicts the nature of most choice experiences.  While the experiences themselves can be made quite true to life within the interview process, the essence of the choice experience is much like that presented in the first choice set shown.  It is realistic to the decision any person might make when confronted with different brands of laundry detergent, and is a relatively easy task for the respondent.  Note that the respondent would go through 12 such choice sets, corresponding to the number dictated by our design rules, checking one box on the first set, then going on to the next.  Our fractional design has allowed us to deploy an entirely feasible number of alternatives compared with a full factorial set of each of the 64 alternatives for each brand.

The data collected from such an experience would take the form of a file containing each choice within each choice set for each respondent, or in this case 12 entries for each study participant.  These include any “none of these” choices made, a hallmark of the DCM task, allowing for the fact if each alternative is unattractive, the respondent can choose simply not to “purchase” today.

The appropriate analysis approach to this mass of data points is necessarily multivariate in nature.  Our goal is to isolate the impact of each product feature variation on the decision to choose or not choose a particular product alternative.  Really, what we are doing in a DCM is decomposing the decision process by determining which aspects of products/services are most responsible for the purchase choice, which are less responsible, and the magnitude of their contribution to the choice.

For our laundry detergent example, we would employ a powerful statistical tool with the complex sounding name of multinomial logit analysis.  This is a regression-type analysis specifically designed to address situations in which the response data have more than two categories from which to choose – in this case, which of four detergents would you select (or a fifth response, “none of these”).  As with any regression approach, we relate the response variable, or outcome, back to the predictor variables comprising the choices, in this case the various product features.

Analytic Outcomes – Using the Results

The output from such analyses are mathematical functions whose parameters are a precise description of the strength of the relationship between a given product feature and the likelihood of that product being selected from its competitors.  There are several valuable outcomes that derive from such information.  

You will know which product features are most critical for driving product selection.  This is an interesting question for market exploration.  If we are designing a new product, or deciding whether to cut our product line, on what should we focus?  In the detergent example, does it matter whether we have two or three different scents (and which ones should we market)?  Are the competitors we’ve chosen to look at viewed as more or less the same, as commodities (i.e., brand makes no difference in the choice decision), and if so does the choosing devolve to price?  If that is the case, at which price do we optimize our brand’s usage?  Is there one product feature that stands above the others in determining consumer choice, and can we claim an advantage on that feature?  If so, can we position our brand that way?

Next, we can use the mathematical functions derived from a DCM study to project likely market share as a result of actions we take to craft our brand.  If we offer three scents, but no bleach alternative, in the middle of the price range, will more consumers choose to use our brand than another?  Which combination of product features is going to improve our market share versus some other combination, and versus some other brand?

And speaking of the other brands included in a DCM study, the results can be used to anticipate the impact of competitive strategies.  The mathematical model we build examines not only the relationship of our brand’s features to our brand’s likelihood of selection (so-called “self effects”), but also the impact of the competitors’ features on our market performance (and our impact on them, so-called “cross effects”).  This is an extremely powerful and strategic type of intelligence to gather, and is one of the hallmarks of DCM versus other types of trade-off analysis.

The model results deriving from a DCM study can be used to form the basis of varying scenario simulations.  Throughout the paragraphs above we have used the word “if” very often – what if this feature set were used, what if the price were this versus that, etc.  These “what if” questions are most easily addressed when the equations output by the DCM analysis are entered to a spreadsheet and interfaced with a simple to use point-and-click interface.  Such a simulator allows exploration of numerous hypothetical feature and price offerings and their impact on your brand and its competitors in a relatively quick fashion.  With appropriate cost information available (e.g., manufacturing, advertising), such simulators can be “dollarized” to project net revenue accruing from consumer choices.  Even absent such cost data, choice simulators can deliver relative revenue figures (given by market share x price) for the purpose of strategic design decisions based on maximizing the chances of your offering being chosen. 

Benefits of Discrete Choice Modeling
Economists such as Simon P. Anderson contend that the ability to understand product/service differentiation is essential in comprehending the make-up of any competitive market environment.  The wide array of available products and services is a response to the wide diversity of consumer tastes.  The ability to anticipate these idiosyncratic demands provide businesses not only the opportunity to respond with products or services that are assured popularity but with popular items that come at a higher price.

DCM is an efficient and comprehensive tool for discovering such idiosyncratic requirements.  Partnering with a qualified marketing research firm such as ICR to help design, develop, implement and analyze stated choice experiments will provide any client with consumer information that can provide a distinct advantage in any competitive setting.
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Place a √ in the box beneath your choice
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Brand �Q





Liquid, unscented, with bleach alternative





Powder, �Spring Rain scent, without bleach alternative





Powder, �Ocean Breeze scent, with bleach alternative





Liquid, �Mountain Fresh scent, without bleach alternative
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