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Introduction 
 
Over the past five decades, consumer package goods manufacturers have fallen 
into a predictable pattern of new product introductions. The brand is introduced 
and then, usually within a year, the line extensions begin. The new line items 
might be sizes or flavors, or it may be a true extension into a different form of 
product. For example, Quaker Oats introduced Chewy Granola Bars in 1982, 
with new flavors coming out six months later, followed not long thereafter by a 
whole new line of Chocolate Covered Chewy Granola Bars. Doritos, in contrast, 
has chosen to periodically introduce new flavors to the base product. Only 
recently has it expanded into restaurant products with its former corporate 
partner, Taco Bell. Tostitos took a different route, introducing dips and salsas. 
 
From a marketing standpoint, such extensions are a useful tool for keeping 
brands vital. New flavors/forms give substance to advertising and, in theory, bring 
consumers back to the shelves with renewed interest. From a retailer’s 
standpoint, the Darwinian self-selection of desirable products keeps inventory 
turns closer to optimal levels. As a new product comes in, quite often the 
category’s or manufacturers’ weakest selling items are de-listed and the store 
continues its evolution. 
 
This process changed as Category Management took hold and retailers began to 
consider what a category does for the store as a whole and what the products 
within a category do for that category. The issue of how we determine 
“contribution” remains problematic; there does not exist a true functional category 
management system to guide the retailer. Even without a category management 
system, category management concepts moved retailers to conduct even cursory 
category reviews and questions were being raised about each product’s utility to 
the retailer. 
 
The retailer needs to provide the products that consumers want, while attempting 
to maximize profits from the selection offered. These two goals may be 
contradictory and require an understanding of the trade-off curves of demand 
and return to be managed effectively. The manufacturer who can assist the 
retailer in presenting the right assortment of products on the shelf will, under the 
gentlemen’s agreement inherent in category management, reap far greater 
benefits than they now receive. Planogram control, ease of new product 
introduction, protection from automatic de-listing, and promotion preference are 
some of the advantages to being a category driver and helping the retailer 
improve profits. 
 
To be effective in this leadership role, the manufacturer needs to understand the 
portfolio of products that she and her competitors offer and the consumers’ 
perception of that portfolio. A knowledge of what is and is not desirable to the 
consumer is central to creating the proper offering. An understanding of the 
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consumer’s perception of the offerings is likewise critical. We need to know what 
the consumer considers new, different, redundant, valuable, and so forth.  
 
We call this process of understanding and optimizing the selection available to 
the consumer portfolio management. This paper’s purpose is to discuss how 
portfolio management usually occurs and thoughts on improving the research 
aspects of this process. 
 
Product Ranking 
 
The worst and unfortunately the most common method for determining which 
new items to add or to discontinue is to use a “Brand Ranking Report”. This 
report, which may go by many names, is a listing of sales for a fixed period of 
time (usually quarterly) in which each SKU is rank-ordered by its sales, revenue, 
profits, or, occasionally still, DPP.  
 
A retailer looking to add a new item to a fully-stocked category may scan the list 
and drop the weakest performer based on their adopted criteria. A manufacturer 
deciding on a new flavor will look at a list of rank-ordered flavors in the 
marketplace and add the first new flavor that is not in his portfolio. The beauty of 
this approach is its simplicity - it takes no thought to make the decision. The 
ugliness of this approach is that it is easy to make a weak decision and difficult to 
make a good decision. 
 
There are two fallacies to the ranking approach. First, it assumes all products are 
equally available to be ranked. While this is usually true at the individual store 
level, it is less common at the retail chain level and even less likely at the market 
level. A particular product may be very strong in the one chain where it is 
available, but in mixing that data with that of other chains in the market, the 
product becomes a small factor. The second fallacy is that ranking reports 
assume product desirability equally across all consumers, with the worst selling 
products are the least desirable and should be discontinued. However, we know 
that all products are not equally desirable by all consumers. The classic example 
of this is the split between premium and budget frozen entrees, one of the few 
cases where household income is an excellent predictor of probability of 
purchase. Lower income families buy budget frozen entrees, upper income 
households go for premium entrees. A ranking report combines the two groups of 
consumers and the two groups of products, leading to possible errors in a de-
listing situation. Again, this is less of an issue at the individual store level, 
assuming a homogenous trading area (and we are not sure that trading areas 
are homogenous very often). 
 
This simplified example points out the two requirements to successfully conduct 
portfolio management. First, the structure of the category, from the consumer’s 
point of view, must be understood and considered - focusing on the retail 
perspective of products can be misleading. Second, the consumers’ mapping 
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(purchasing patterns) to that category structure must be considered. When both 
factors are taken into account, successful portfolio management can begin. The 
goal is to determine what consumers see as important attributes of the products, 
what is out there that is replaceable or redundant, and where new opportunities 
may lie. 
 
Category Structure 
 
It is critical to understand how the consumer segments a category in order to 
manage the contents of the category. Mustard is not mustard; products come in a 
variety of flavors (e.g., yellow, spicy, Dijon, deli), containers (e.g., jars, squeeze 
bottles), sizes, and prices. A marketing decision that splits the category into two 
segments (flavored versus yellow perhaps) and then offers all containers, sizes, 
and prices in each segment is likely to be woefully over-stocked in some areas. 
We might expect a hierarchy of purchase decisions where flavor is the first split. 
Under yellow mustards, the container may make the next big difference in 
consumer choice behavior, while under flavored mustard, price becomes the 
purchase driver. The category must be understood before undertaking marketing 
efforts. 
 

 
 
Market segmentation technologies are abundant in today’s research world. In the 
1970’s, perceptual maps of categories were all the rage. Largely derived through 
multi-dimensional scaling, conjoint, cluster, or correspondence analysis, these 
tools took consumers’ attribute ratings for the different products and induced the 
underlying structure of the category. It is important to note that these structures 
are derived from consumers’ perceptions of products.  
  

YELLOW FLAVORED

GLASS PLASTIC SQUEEZE LOW $ HIGH $

BRANDED STORE

MUSTARD PURCHASING DECISION TREE



Page 5 

Perceptual maps assume that perceptions map into buying behavior. However, 
significant research in the 1980’s showed that this mapping could often be less 
than ideal. That is, what people say they do and think is not necessarily what 
they actually think and do. Researchers found that in order to determine what is 
and what is not important to a consumer, the research needed to fully specify the 
attributes that might enter into the choice decision. This completeness of 
specification is a difficult task. Also, attributes of the scaling techniques 
themselves can affect the outcome of the consumer choice model. Finally, as a 
fact of psychological science we know that there is a gap between perception 
and reality.  
 
Fortunately, at the same time researchers were learning of the strained 
relationship between perceptual maps and consumer behavior, a new set of 
methodologies was appearing. The availability of household panel purchasing 
data let researchers take a step away from claimed usage and opinions and 
allowed them to model actual consumer behavior. This led to the production of 
behavioral maps, based on logit analysis or decomposition of cross-purchasing 
matrices. It is the latter approach we choose to focus on in this discussion. 
 
Behavioral Mapping 
 
IRI pioneered behavioral mapping from household panel data in the mid 1980’s, 
techniques that were later refined by John Totten and by this author while at 
Nielsen. The procedure is to take some measure of cross-purchasing, such as 
combination purchasing, share of requirements, or probability of next purchase 
matrices, and submit them to cluster analysis or factor analysis. Each matrix type 
has its advantages and disadvantages relative to each product category. In 
general terms, combination purchasing is best for long purchase cycle 
categories, probability of next purchase for short purchase cycle and reasonably 
product loyal categories, and share of requirements best for short purchase cycle 
and variety seeking businesses.  
 
The solutions from these models provide a spatial representation of the 
dimensions consumers use in selecting products and place each product on the 
map. Products which are proximal in the behavioral maps are similar - this may 
mean that they are competitive or, if the products are part of a brand, just similar. 
Products which are distanced are not competitive, in the sense that there is not a 
constant switching or co-purchasing (although this may represent variety) and 
are unlikely to be purchased by the same cohort. 
 
While we believe that these behavioral mapping approaches represent a 
significant leap in research technology, there are problems associated with their 
use. The problems arise not from the technologies themselves but from the 
quality of the data that serves as input into the models. These problems include: 
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• All of the algorithms for analyzing cross-purchasing assume complete data 
from the respondent. However, card based data collection systems assume 
consumers only shop in the stores that accept the cards, while in-home 
scanning systems assume consumers scan all purchases. It is common 
knowledge that neither is true. A single missed purchase can dramatically 
affect an analysis for infrequently purchased categories. A consistent bias in 
missed purchases (e.g., one member of the household picks up the products 
only he/she uses and doesn't scan) can be even worse. 

 
• Data from time-period based brand switching/source of volume analyses, 

where we compare household purchases between two equal time periods, 
have a share allocation method for determining brand switching. These 
techniques tend to inflate category expansion far beyond the level shown in 
scanner or shipment data and the results are highly dependent on how the 
brand stub is specified in the analysis. Any technique that requires brand 
stubs to be mutually exclusive and all inclusive, yet produces different 
answers depending on the level of detail in the stub's specification has a 
problem - it is impossible to determine whether stub specification, and hence 
the analysis, is correct. 

 
• All algorithms based on panel data consider the household as the unit of 

analysis. Categories such as toothpaste, shampoo, cereal, and snacks are 
individual-oriented. It is a mistake to analyze any category at a level higher 
than the purchase decision.  

 
• The algorithms do not consider, and cannot consider, the internal and 

external causal factors that drive brand switching and brand loyalty. None of 
the collection techniques can identify the purchase intention - did the 
consumer intend to switch brands or was it driven by external factors, such as 
out of stocks, coupon availability, pricing, or promotion activity. The inability to 
know the consumers’ intent and the lack of data permitting us to relate the 
causal activity to the switch is a fundamental shortcoming of switching 
methodologies in this context.  

 
Improving Data Quality 
 
What is needed is a better method of collecting data, one that completely 
captures purchases within a defined time frame from individuals facing a known 
retail environment. Advanced Simulations’ 4D Shopper research service 
provides such a data collection tool. 
 
Respondents are recruited online or brought into the interview site under the 
guise of testing a new method of in-home shopping. In the malls, they are seated 
in front of the large touch-screen 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). 
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Shoppers can move left or right, up or down, and move closer to and farther 
away from the shelf. The computer screens are touch sensitive; touching a 
product brings it to the front of the screen, where it can be turned around to show 
any side. Touching a separate icon places the product in the shopping cart. The 
respondent’s task is simple; shop as they would normally shop. Advanced 
Simulations controls the retail environment, standardizing the display for all 
respondents. Respondents typically go on a number of shopping trips, allowing 
for multiple data points from each respondent and reducing the total number of 
respondents required. 
 
Relevant to this discussion, ASL can program the system to create post-choice 
out of stock situations. In this type of experiment, a respondent will go shopping 
at a fully-SKU’d shelf three times. On their first and third trip, when they pull up a 
product to be purchased, the product disappears and in its place appears a sign 
saying “Sorry, this product is temporarily unavailable. Please select another 
product or, if there is no substitute, touch the Exit button to go to the next shelf.” 
A comparison of the intended product with the product eventually selected 
(automatically recorded by the computer) provides a very “clean” measure of 
cross-purchasing. We know the retail environment, the data is from the 
individual, we know the intent and the outcome. This data can then be applied to 
behavioral mapping algorithms. 
 
Mapping the Consumer 
 
Once the category structure has been estimated, consumers need to be mapped 
into the segmentation. The question during this process is whether consumers 
are uniquely identified with the structural elements or are indiscriminate with 
respect to the structure. For example, when analyzing laundry detergents, an 
interesting structure emerges. On the horizontal dimension, powders cluster on 
the left, liquids on the right. The vertical dimension relates closely to television 
gross rating points (GRPs). When we look at powders alone, consumers who 
purchase more than one product are scattered across the dimension of 
advertising. That is, there is not a unique subset of consumers who only buy 
highly advertised products with another group only buying unadvertised brands. 
The same holds true for liquids. However, the overlap between liquid buyers and 
powder buyers is minimal. Very few people purchase both forms of laundry 
detergents in a fixed time frame. This data is obtained from multi-level cross-
purchasing analyses. 
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The implication of this finding, on a gross level, is that portfolio management of 
the laundry detergent category needs to proceed separately for the two form 
segments. Both need to be represented, although in a market which is liquid 
dominated, a reduction in the space allocated to powders may be warranted. The 
category structure can indicate which powder products may substitutes for other 
powders, allowing SKU reduction while diminishing the risk of 
disenfranchisement. 
 
When we do a substitution test, we are looking for three things: 
 

1. Is there an underlying structure to the category? That is, do consumers 
segment the category in a particular manner? 

 
2. Are there differences in how consumers fit into the segmentation? That is, 

is there some identifiable trait which affords targetability? 
 
3. To what extent are products in the category unique or redundant? 
 
4. To what extent and how can we market to the information provided in the 

category structure? 
 
Testing Hypotheses 
 
We do not want to represent this approach to portfolio management as providing 
the answer to all our questions. The utility of this methodology is that it generates 
hypotheses concerning the structure of the category and the potential impact of 
changes in the portfolio. The weakness of analytical tools based on clustering 
and factoring is that there are few statistical tests for goodness of fit. Any move to 
implement decisions directly from structuring and consumer mapping carries 
significant risk, especially because the decisions made from these types of 
analysis tend to be high profile ones, not trivial. The hypotheses regarding 
changes in the portfolio should be tested, whether through in-store testing or 
computer simulation. 
 
Testing these hypotheses is critical. In our research, covering 72 separate tests, 
only 15% of the tests show a win-win with an assortment variation, where both 
test brand and category sales improve.  
 

 
  CATEGORY   

  POSITIVE NEUTRAL NEGATIVE 

BRAND POSITIVE 15% 18% 7% 

BRAND NEUTRAL 1% 38% 6% 

BRAND NEGATIVE 1% 7% 7% 

 
 
4D Shopper 
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4D Shopper can be used in each level of portfolio management. In the absence 
of category structure information, the system can be used to collect the 
appropriate data and create the category structure. With hypotheses derived 
from the structure, 4D Shopper can be used to test the alterations in the portfolio 
and determine corporate and brand impact from a sales, volume, and profit point 
of view. In such a test, consumers would first be exposed to today’s marketplace 
environment. In subsequent simulated shopping trips, products would be added 
or deleted in accordance with the hypotheses. These scenarios would be 
presented in random order, with each respondent shopping two or three of the 
scenarios. Such a test allows for thorough testing at a low cost relative to in-store 
testing or the risk of disenfranchisement. The scenarios can be customized to a 
particular retailer or distribution channel. 
 
4D Shopper provides the data necessary to understand the category and the 
ability to test assumptions and hypotheses. Armed with this information, the 
manufacturer and the retailer can work together to maximize category sales and 
profits, with the consumer benefiting in the end by better selection and 
competitive prices. 
 


