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One way to integrate qual and quant findings

Clients will often have their own ideas about the likelihood of success for the concepts that we test for them.

This can derive from their own observations of the qualitative concept development work which may have been separately commissioned.

It can also derive from other quantitative work, perhaps to suit another purpose (eg. sensory testing) but where the opportunity is taken to ask respondents how likely they would be to purchase the product being tested.

The upshot is, that for whatever reason, clients can have a pre-formed view about likely concept success, which may differ, sometimes substantially, from the subsequent quantitative findings.

As an example, our findings for a particular concept might indicate a purchase likelihood (top box) of 20%, whereas the client’s own findings indicate (in his/her view) a purchase likelihood of 40%.

Clearly, both researcher and client believe their findings to be ‘right’.

One way of reconciling the two sets of results is through the use of Bayesian methods.

Formally expressed, the client’s results can be viewed as a prior estimate of concept success, given all the knowledge known at the time.

Results (deriving from quantitative concept screening) can be viewed as an estimate based on more recent knowledge.

Bayes’ theorem provides a means of rigorously updating that prior estimate, using the more recent data.

Bayesian methods turn classical statistical estimation on its head.

Instead of using just the data to generate the most likely value for the unknown parameters θ (eg. θ could be purchase likelihood), we use the data to update our prior estimate of θ, namely:

Pr(θ | y) ( Pr(y | θ ) x Pr(θ)

In other words, our final estimate for the probability that θ takes a particular value is a combination of two probability distributions:

Pr(θ), based on our prior knowledge

Pr(y | θ), the probability of obtaining the data given that θ takes a particular value.

Note that the prior probability distribution for θ can be based on quantitative analysis, or it can be based on a subjective assessment.

The role played by the qualitative research can now be seen in terms of its importance in generating a degree of belief in the success of the concept(s) being examined.

We merely (!) need to choose a probability distribution to describe this degree of belief, and we can then easily and rigorously update this prior estimate, using our subsequent quantitative findings.  

In the case of purchase likelihood, our estimate (top box %, or % def likely to buy) is normally governed by the Binomial distribution.  This is a standard result from sampling theory.

If we assume that the prior estimate (ie. the estimate deriving from the qualitative research) is governed by the Beta distribution, then integrating this information with our own data is straightforward (with the aid of a free web-based program called 'BetaBuster').  The Beta distribution is enormously flexible, and allows for a wide range of range of prior degrees of belief.

The qual findings now have even greater importance than previously.  The qual research is not just used to help ‘sort out’ the initial draft concepts … it now provides an essential input into the quantitative calculations.

Possible side box

The Beta distribution has two key parameters that need to be specified: a and b.
To work out what values to use for a and b, we need the qualitative researchers to answer two questions.
The qual team should initially be asked for the most likely value of the parameter of interest (eg. % def buy).  This is set to the mode of the corresponding Beta prior distribution.  If this modal value is between zero (or 0%) and 0.5 (or 50%), the qualies need to be asked for the 95th percentile of possible values for the parameter.  That is, we need to know they are 95% certain that the parameter is below a particular value?

If the modal value is designated to be 0.5 (or 50%), then we need to ask for either the 5th or 95th percentile since the Beta distribution is symmetric in this case.
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Step 1: Eter the values of 0.7 and 0.9 info the top line of the screen either by typing in the values or using the spindles to toggle to the appropriae
sumbers. The data entry line should indicate that the expert is [§95% sure that % greater than 0.7 and Mode at 0.9]
other blank spaces elsewhere on the screen [V blank spaces are for values generated by the program.

Step 2: Click on the [§set priors;” bufton and the appropriate beta distribution is generated: a = 15.0342 and b = 2.5594 with mean, variance and
the 2.5 and 97,5 percentiles. Should you wish percentiles other than the 2.5 and 97.5' percentiles, you can double click on the corresponding
label e.g. {§2.5%" and adjust it to say 5%. The percentile is antomatically adjusted.
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(5). How do I obtain a beta distiibution using data from a prior study?

‘The corresponding beta density is generated in the graph window and this can be verified as appropriate by the expert. Iitis considered
inappropriate, the limits and mode can be adjusted nfil they generate a picture that s suitable and correctly represents scienific input.

Values cannot be entered in the
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