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Introduction 

 
Pricing has always been an area of particular interest to marketers, yet is also one of 
the least understood aspects of the “4 Ps” of marketing. Why is it so difficult? We 
believe there are three reasons for the difficulty in understanding pricing.  
 
First, consumers are often not price-oriented, especially towards consumer packaged 
goods. There is often an assumption in CPG that lower prices lead to higher sales. 
However this is often not the case. We have seen a number of cases where price 
reductions lead to little change in sales. Indeed, there are definitions of brand equity 
which are predicated on brands being insensitive to price and promotion – a brand with 
high equity is one that is, by definition, unresponsive to price changes. 
 
Second, products are generally priced within a narrow band, with little price 
differentiation between brands. Even when a category is price-segmented, the purchase 
decision is usually to a segment, then to a brand within the segment, suggesting that 
pricing is confounded with (or communicates) quality or value or, in conjoint terms, 
utilities. Within a segment, price is often of little concern to a shopper. 
 
The third reason why we believe there is a lack of understanding about pricing effects is 
found in the nature of our research tools. There are three basic methods for researching 
the effects of pricing: 
 

• Ask consumers about prices 
• In-market price tests 
• Scanner data analysis 

 
Asking consumers about prices has always been problematic. As Dixon and Sawyer 
showed, consumers are not very good at remembering the prices of fast moving 
consumer goods, even when they just finished a shopping trip. While this may be a 
culturally bounded finding (lower income shoppers or consumers in less developed 
countries may be more aware of prices), there is much reason to believe that 
consumers don’t know specifically what a product costs. Thus, asking them how much 
they would expect to pay for a product is problematic. Techniques that rely on asking 
consumers how much they would be willing to spend on a product also suffer from 
demand characteristics to report lower prices. Asking “how likely would you be to buy at 
price X?”, then at “Price Y” and so forth makes one wonder why consumers would favor 
higher prices. These techniques are also susceptible to wide variability in the data, the 
more so when consumers are less aware of the price or they are not given a referent 
price to anchor their estimates.  
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In-market tests came into vogue in the 1970s because of this problem in researching 
pricing. Whether controlled store tests, with two or more sets of stores equated on some 
pre-test sales measure were employed or whether prices were changed in one market 
and read via another, control, market, both were seen as the optimal method for price 
testing. Indeed, once one overcame the high cost and lengthy time frames needed 
(often one year); these tests usually produced the highly replicable results. We cannot 
lightly ignore the costs and timing of these tests, nor can we ignore their single failing. In 
a competitive category, manufacturers would not respond to what was clearly an in-
market test and would wait until the price change was made national before engaging 
their competitive response. The in-market presence of the proposed price change gave 
the competition ample time to prepare their response. Indeed, the author conducted a 
number of studies in the 1980s on how to defend against a price change that was being 
tested in-market. 
 
As scanner data became commonplace among grocery retailers in the late 1980s, and 
as packaged goods manufacturers became more comfortable with this data, pricing 
research shifted its focus to (sometimes) complex statistical modeling to understand the 
impact of price changes. In many ways, this has done the most damage to pricing 
research, as scanner data is often (not always, but often) uniquely unsuited to this 
endeavor. Avoiding a long treatise on the reasons for this failure, let us simply note that: 
 

• Scanner data is never as “clean” as users think it is – in the early 1990s Nielsen 
would routinely have to discard 10% of its data at any one point in time and 
adjust, through modeling, to fill in the holes. 

 
• Statistical models are very good at understanding short-term price reductions, 

which drive the variation in the sales data. When we remove these short-term 
effects, we are often left with one or two price changes for a product in the entire 
data stream – not enough to model. 

 
• When we try to create a cross-sectional analysis, putting the sales for each store 

into a bucket representing one price level, we lose all sense of randomization 
that is the foundation for creating demand curves. This technique ignores store 
variables and geographic variables that are actually driving the curves, rather 
than pricing itself being the basis of the elasticity estimates.  

 
When we first started using Visionary Shopper, and later 4D Shopper for pricing 
research, we created the system and the research protocol to correct for as many of 
these problems as possible: 
 

• We wanted people to respond naturally to our prices in a contextual environment 
– with competing products available as both a choice option and a price anchor;  

 
• We wanted the research to be hidden from the competition; 
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• We wanted the research to be fast and relatively inexpensive (compared to in-
market research);  

 
• We wanted to be collecting our data directly from consumers with all of the in-

store variables controlled by us, removing or controlling store and geographical 
variation. 

 
Visionary Shopper and 4D Shopper 
 
The best place for us to begin is to discuss the Visionary Shopper and 4D Shopper 
research systems. These virtual reality simulations have been available since 1993 and 
they simulate an in-store-shopping environment. Consumers are recruited online of 
intercepted in shopping malls (in the US – other recruiting methods are used in other 
countries) and are brought into the interview site under the guise of testing a new 
method of in-home shopping.  
 
They are seated in front of the large computer monitor, where the interviewer explains 
the purpose of the test and the operation of the computer simulation (how to move 
around the shelf and how to pick up, turn, read, and purchase products). Using a touch-
screen, consumers can move left or right, up or down, and move closer to and farther 
away from the shelf. Touching a product brings it to the front of the screen, where it can 
be turned around to show any side. Touching an icon on the screen pulls up a high-
resolution image of the package for readability. A separate icon places the product in 
the shopping cart. The respondent’s task is simple; shop as they would normally shop.  
 
Respondents typically go on a number of shopping trips, allowing for multiple data 
points from each respondent and allowing us to introduce manipulations within 
respondent. These systems have been validated on a number of occasions, both with 
respect to its ability to match normal shopping behavior (Burke et. al., 1992) and its 
ability to predict purchasing changes based on manipulation of in-store variables 
(Burke, 1996).  
 
 
Price Testing - Elasticity 
 
Sometimes we frame our pricing question as one of basic price elasticity – if we change 
our price by X%, what happens to our sales. To conduct this type of study, we create a 
series of shelf sets with different prices and expose consumers to a subset of these 
prices. For example, we conducted a study on a snack product in the Mexico in which 
we tested eleven price points, current and five above and five below. Each consumer 
saw four of the eleven prices in a balanced and randomized incomplete block design. 
From this data, we were able to draw a price elasticity curve, as shown below: 
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Price Testing – Fixed Scenarios 
 
Often times, the pricing question is more focused than the general elasticity question. 
This focus may come from previous research, which has already defined elasticity, or it 
may come from a specific need. Last year, a dairy company in Venezuela needed to 
take their prices up on margarine because they buy much of their oil from the United 
States and the bolivar had taken a value reduction versus the US dollar. The test was 
run with three cells; current pricing, a 10% increase (the actual increase in cost of 
goods), and a 21% increase (cost of goods plus short-term inflation). The client chose to 
use a monadic study, with three groups of 100 respondents each seeing one of the 
three prices. In this case, we showed that unit sales for the category and their brand 
(representing a large part of the market) were stable, yet bolivars were significantly 
higher as the prices increased. This created an opportunity for our client to make more 
profit and for the retailer to share in this also (making it an easy sell-in). 
 

VENEZUELA MARGARINE PRICE TEST 
 UNITS PER SHOPPER  BOLIVARS PER SHOPPER 

 CURRENT +10% +21%  CURRENT +10% +21% 
CATEGORY 1.31 1.36 1.32  708 774 789 
BRAND 0.86 0.92 0.87  461 538 561 

 
 
Price Testing – Reaction Tests 
 
Pricing can be a tool in establishing one’s positioning in the market. At times, this may 
lead to tests that are counter-intuitive, where the product’s price needs to be held low or 
high even though life in the category is changing. For example, we conducted a price 
test in which the client knew, via trade relations, that prices on two of its key competitors 
were going to drop radically. Three cells were used in this test – current pricing, 
competitive reduction with client holding, and competitive reduction with client following 
and reducing their prices. As the data in the table below shows, unit sales showed no 
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difference between the three strategies, suggesting that our client hold their prices 
constant in the face of competitive price reductions.  
 

CLIENT’S BRAND UNITS PER 100 SHOPPERS 
CURRENT HOLD PRICE FOLLOW DOWN 

54.4 54.2 53.7 
 
This strategy should work, as this brand is considered by consumers to be far superior 
to other products in the category and show a willingness to pay more for it. Interestingly, 
the client chose to follow the competitors despite the data recommendation and suffered 
significant sales losses. They have since raised their prices back to the original levels 
and sales have improved. 
 
Price Testing – New Products 
 
Pricing new products could be one of the more difficult tasks facing marketers. The task 
is to balance good sales with good profits with a good positioning, all of which makes 
the pricing decision most complex. We have run a number of Visionary Shopper tests 
where the purpose is to vary new product pricing just prior to a rollout. In this example, 
the client was prepared to rollout their product at $3.99, which was the average price of 
their competitors. Having reason to believe their product had a clear advantage over the 
competition, they asked whether they could raise the initial selling price. As the data 
below shows, they could easily move to $6.99 per package before seeing a drop-off in 
sales.  

 
The client chose to rollout at $5.99, whose sales were no different sales at $3.99, $4.99, 
or $6.99. Year 1 results showed no difference from their simulated test market that used 
$3.99 as its operating price. 
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Price Testing – Complex Modeling 
 
The final approach to price testing that we’ve seen involves more complex questions of 
elasticity and cross-elasticity. In this case, we are concerned with understanding the 
category as a whole as well as the individual parts and their interactions. This type of 
research calls for a complex incomplete block design and uses discrete choice 
modeling to generate price elasticity and cross-elasticity estimates. The output from this 
exercise is a simulator that allows the user to vary prices (and product attributes, if 
appropriate) and see share changes. In the example below, an appliance can come in 
one of three prices (US$139, US$149, or US$159) and can be square or rectangular in 
shape. The consumer can also select none of these options as one of their choices. The 
spreadsheet below shows that Brand A at $149 and a square shape can expect 31.5% 
share. 
 

     Base  Test  

BRAND ATTRIBUTES Base Test  Share Share Difference 

Brand A Price $149  $149  31.5% 31.5% 0.0% 

 Shape Square Square     

Brand B Price $149  $149  9.7% 9.7% 0.0% 

 Shape Square Square     

Brand C Price $149  $149  11.3% 11.3% 0.0% 

 Shape Square Square     

Brand D Price $149  $149  38.5% 38.5% 0.0% 

 Shape Square Square     

None     9.0% 9.0% 0.0% 

 
When we drop the price by $10, we see Brand A share going to 45.6%, a 14.1 share 
point increase. 

     Base  Test  

BRAND ATTRIBUTES Base Test  Share Share Difference 

Brand A Price $149  $139  31.5% 45.6% 14.1% 

 Shape Square Square     

Brand B Price $149  $149  9.7% 7.7% -2.0% 

 Shape Square Square     

Brand C Price $149  $149  11.3% 8.9% -2.3% 

 Shape Square Square     

Brand D Price $149  $149  38.5% 30.6% -7.9% 

 Shape Square Square     

None     9.0% 7.2% -1.9% 
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When we look at changing from Square to Rectangle, Brand A does even better. As the 
table below shows, the share increases by 22.8 points, mostly at the expense of Brand 
D. 
 

     Base  Test  

BRAND ATTRIBUTES Base Test  Share Share Difference 

Brand A Price $149  $139  31.5% 54.3% 22.8% 

 Shape Square Rectangle     

Brand B Price $149  $149  9.7% 6.5% -3.2% 

 Shape Square Square     

Brand C Price $149  $149  11.3% 7.5% -3.8% 

 Shape Square Square     

Brand D Price $149  $149  38.5% 25.7% -12.8% 

 Shape Square Square     

None     9.0% 6.0% -3.0% 

   Total  100.0% 100.0%  

 
As you can imagine, this modeling exercise can become very complicated depending 
on the number of brands and sizes and attributes. However, we have found that the 
number of options to be tested can be reduced if certain assumptions are made. For 
example, you can reduce options by tying items together, such as “same size items are 
always priced the same” or, in a complex line, you may assert that price per volume is 
identical across sizes. 
 
 
Advantages of Virtual Reality 
 
There are a number of reasons why virtual reality would be preferred for price testing 
over central location or controlled store tests: 
 
• Speed – We often complete a test, from the start of the design phase to presentation 

of actual results, in four to six weeks. Controlled store tests may take this long just to 
set up, never mind running them for six months to a year. 
 

• Control – One of the problems with other research tools is that experimental control 
is difficult to maintain. In our system, what the last person sees on the shelf is the 
same as what the first person saw. We control the retail environment, rather than fall 
subject to it.  
 

• Flexibility – We can create almost any type of shelf layout with virtual reality and can 
easily make alterations to the shelf set. There are significant difficulties in 
rearranging entire store sectors for testing purposes. 
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• Efficiency – Using the computer system makes many operational factors quite 
simple. This lets us charge much less for tests than one might spend in controlled 
store testing. We also make more efficient use of our respondents. By exposing a 
single respondent to multiple shelf sets, we can either reduce the sample size 
required or test more options than might otherwise be considered. 

 
• Unobtrusiveness – Current thinking in research is that we get “truer” responses from 

consumers when they are responding to the computer compared to interacting with 
an interviewer. While we can come up with a number of situations where this may 
not be true, when it comes to pricing the less obtrusive the better. Techniques that 
ask consumers questions about pricing are subject to memory lapses, lack of 
involvement, and demand characteristics. These factors are absent in Visionary 
Shopper. 

 
Summary 
 
The choice of a research methodology for conducting pricing research depends on the 
question being asked. In some cases, questions are very direct and very focused and 
are easily tested in a discrete between groups or repeated-measures test design. 
Sometimes we need to expand a design to include more pricing scenarios or to add 
additional variables besides pricing (package size, promotions, etc.) to the design. We 
may shift to a factorial design or an incomplete block design to appropriately study 
these issues. Still further, we may need to understand a category as a whole and as its 
separate components to get to our pricing issues, in which case we turn to discrete 
choice modeling for our solution. Regardless of the nature of the question, Visionary 
Shopper is capable of simulating the retail environment and executing the scenarios 
necessary to understand product pricing.  
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