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INTRODUCTION

According to the law of double jeopardy (DJ) in 

markets, big brands benefit doubly: They have more 

users, and their users use them more. More formally: 

“In all markets, all conventionally used brand per-

formance measures (BPMs) can be predicted from 

market share using the Dirichlet distribution (once 

calibrated)” (Chatfield and Goodhardt, 1975).

The law challenges many marketing-research 

approaches. Consider brand equity. Most attitu-

dinal systems are based on some sort of commit-

ment or engagement ”ladder” (Keller and Lehman, 

2004). These are used to identify strong and weak 

brands—typically by quantifying the percentage 

of people found at various “levels.” Ehrenberg and 

others have argued repeatedly, however, that all 

can be accounted for by brand size alone. To quote 

“… there are clearly big brands and smaller brands, 

(but) there is no evidence… that over and above 

this there are ‘strong’ and ‘weak’ ones” (Ehrenberg 

and Goodhardt, 2004).

Consider also loyalty programs, or customer 

relationship and customer experience manage-

ment. Most commercial approaches focus on 

relationships with existing customers as the most 

efficient way to increase profits (e.g., Reichheld, 

1993). Yet DJ implies that retention and share of 

wallet increase only if penetration also increases. In 

other words, a narrow focus on current customers 

will work only if it also leads, whether intention-

ally or not, to the creation of new customers.

This research does not question the many pat-

terns that scholars have identified using the Dirich-

let distribution. The evidence is overwhelming. Yet 

one must ask why some marketers often behave as 

if DJ does not exist.

There is at least one reason. As Ehrenberg and 

Uncles note (1995), the law holds “… for competi-

tive markets which are in a near-steady state”—

in other words, so long as market shares do not 

change too much. Market shares do change, how-

ever. And so marketers persist in using tools that 

ignore the law because they hope that by doing so, 

they will develop fortune-changing brand strate-

gies. The result is an unsatisfactory standoff—

between the patterns revealed by the Dirichlet on 

the one hand and attitudinal brand performance as 

measured by marketers on the other.
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This article examines the empirical 

veracity of DJ by comparing the statisti-

cal assumptions that underpin it with 

real behavior in panels. We show that 

the Dirichlet is based on assumptions 

about individual behavior that are false. 

In so doing, we show that although DJ 

accurately describes aggregate market 

behavior, it does so in a limited sense. 

Additionally, the authors argue that its 

empirical flaws can best be resolved by 

means of attitudinal measures.

A BRIEF INTRODUCTION TO 

THE DIRICHLET MODEL OF MARKETS

Scope

Commercial operators (Nielsen, IRI, TNS, 

Gfk, etc.) typically report a wide range of 

brand performance measures (BPMs)—

market share, penetration (i.e., percent 

buying in a specified time period), the 

average number of purchases of the brand 

per buyer, the percent who buy the brand 

above a certain threshold, and the like 

(Ehrenberg and Goodhardt, 2004).

Over the years, Ehrenberg and others 

have shown that all these measures can be 

predicted by using the Dirichlet distribu-

tion with very little market measurement. 

Implementation takes just two steps: first, 

a calibration or model estimation step and, 

second, a calculation step. To estimate a 

model, you need to specify a “base period” 

(typically six months or a year) and then 

make four measures:

•	 The percent of all consumers (panelists) 

who buy in the category at least once

•	 The average number of purchases each 

category user makes

•	 The penetration of just one of the bigger 

brands

•	 The average number of purchases each 

of the bigger brand’s buyers makes.

These inputs are used to estimate the 

model’s parameters for the time period 

and market of interest. Once those data 

are in place, all BPMs for all brands can be 

estimated with remarkable accuracy just 

by entering the brand market shares or 

penetrations.

In terms of reach, Dirichlet patterns 

have been found across multiple geogra-

phies for a multitude of different kinds of 

market including goods with a very high 

purchase frequency (e.g., gasoline), dura-

ble goods (e.g., PCs and automobiles), and 

categories in which loyalty programs are 

thought to play an important role (e.g., air-

lines, retailers).

Statistical Underpinnings

The model is based on the following 

assumptions about behavior in markets:

•	 Each person buys in the category at a 

steady, long-run rate (e.g., monthly over 

a six-month period), although a per-

son’s buying rate can fluctuate during 

the period.

•	 Although people buy according to 

a long-run rate, a person’s purchase 

intervals are irregular (“as if random”) 

and are independent of the previous 

interval.

•	 People are heterogeneous in terms of 

their category-buying rates. A few buy 

heavily, but most buy relatively lightly.

•	 Although brand repertoires and brand-

purchase probabilities vary from one 

person to the next, each person has a 

steady or fixed likelihood of buying 

each brand.

•	 Over time, brands are bought by a per-

son according to that person’s fixed-

purchase probabilities. What a person 

buys, however, seems to be random 

each time.

There appears to be a good fit between the 

gamma distribution and the behavior of 

individual panelists in commercial pan-

els. This leads to the observation (see the 

foregoing): “Although people buy accord-

ing to a long-run rate, a person’s purchase 

intervals are irregular (‘as if random’) and 

are independent of the previous interval.” 

It implies that it is impossible to use previ-

ous purchases to judge when a person will 

buy something again, based on when they 

bought last.

There also appears to be a good fit 

between the zero-order Poisson distribu-

tion and panelists’ brand buying. This 

leads to the assumption (see the forego-

ing), “Over time, brands are bought by a 

person according to that person’s fixed-

purchase probabilities. What a person 

buys, however, seems to be random each 

time.” It implies that we cannot tell which 

brand people will buy next based on what 

they bought last (although we can know 

how often they will buy each brand over 

the specified period). As an example, think 

of someone who uses each of two brands 

50 percent of the time. Their steady pur-

chase probabilities are 0.5 and 0.5. Just as a 

roulette wheel spins in a random fashion, 

however, a previous purchase gives no 

information about which brand someone 

will buy next.

Psychological Explanations

Ehrenberg and his colleagues have not 

been shy about making the theoretical 

leap from the Dirichlet description of mar-

ket behavior to a consumer psychology 

that might explain such behavior. They 

suggest, for example, that most people in 

mature markets have learned all they are 

going to about brands. As a result, people 

learn nothing new from using a particular 

brand “yet again” or seeing “yet another 

advert” for it. To quote: “… the experi-

enced consumers’ steady purchase pro-

pensities can be thought of as the outcome 

of years of past experience” (Ehrenberg 

and Goodhardt, 2004). Well-formed brand 

opinions—relatively impervious to fur-

ther marketing—lead to steady purchase 
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probabilities that can be modeled by zero-

order statistical distributions.

The “no-new-learning” theory gains 

support from the way people behave when 

brands are discounted. Although price-

related promotions can lead to dramatic 

spikes in brand buying, analysis shows 

that discounted brands mostly attract pre-

vious users. To quote Ehrenberg: Before-

to-after repeat buying doesn’t change; 

no before-to-after market share changes 

occur; and few new buyers are attracted. 

Indeed, the presence of any new buyers 

is all it takes for the possibility of market-

share change. The entire body of evidence 

suggests that discounting does not induce 

the kind of use that leads people to change 

their brand opinions.

In this view, there also is a “no-new-

learning” approach to advertising. Like 

discounting, advertising may cause buying 

“spikes,” but it works mostly by remind-

ing experienced users of the brand’s exist-

ence. Mostly, therefore, it attracts people 

who have used the brand before. It does so 

by ”publicizing” the brand—or “nudging” 

the brand closer to the front of a person’s 

mental brand queue. By improving the 

brand’s psychological accessibility in this 

way, it temporarily improves the chances 

of the brand’s being bought. Advertis-

ing, from this perspective, does not “per-

suade” or change minds.

In markets wherein repertoires are 

possible—and most people do have a 

repertoire—100-percent loyalty is rare. If 

loyalty, however, is a matter of degree—

for example, varying from 0 to 100—and 

if people buy the brands in their reper-

toires according to fixed purchase prob-

abilities, most people are what Ehrenberg 

calls “typically polygamous.” They are 

neither “monogamous”—100 percent 

loyal—nor “promiscuous”—not attached 

to anything. They buy according to “split 

loyalties.” This leads to more psychology 

or, as Ehrenberg and Goodhardt observed 

in the Journal of Business Research in 2004, 

“… staying with a repertoire requires less 

mental effort than making new choices, 

but having a repertoire enables consumers 

to exercise some choice without having to 

reevaluate all brands….”

In spite of the static psychology implicit 

in the Dirichlet, it is important to under-

stand that DJ does not challenge the exist-

ence of marketing levers (e.g., discounting 

and advertising). What Ehrenberg et al. 

argue is that people’s resulting behavior 

is “sufficiently idiosyncratic and irregular 

to be successfully modeled mathemati-

cally as being quasi-random, especially col-

lectively” (2004, author’s italics). In other 

words, DJ is good at describing aggregate 

behavior; that behavior is consistent with 

both the Dirichlet assumptions about 

individual behavior and a DJ-based cri-

tique of marketing concepts such as brand 

strength, differentiation, and persuasion.

Deviations From the Model

Scholars have long noted that market 

behavior can deviate from DJ—more spe-

cifically, that DJ for big brands may be 

even higher than predicted (Fader and 

Schmittlein, 1993).

The most important deviation, how-

ever, has to do with the model’s descrip-

tion of markets as “stationary.” There are 

two obvious ways in which markets are 

not stationary. First, market shares may 

change as a function of the successful 

introduction of a new brand and, second, 

market shares may change over time.

Ehrenberg et al. acknowledge that 

dynamic markets are as yet unexplained 

(Ehrenberg and Goodhardt, 2004). They 

argue, however, that the Dirichlet copes 

rather well with market share changes, 

because it continues to model fixed time-

slices through the change. So, for example, 

between 1981 and 1992, the market share 

of Folgers (a coffee brand), doubled in the 

United States. Dirichlet models fit at both 

the beginning and the end of the period 

(Baldinger, Blair, and Echambadi, 2002).

A CRITIQUE OF THE LAW AND 

THE IMPLICATIONS DERIVED FROM IT

In reality, the buying behavior of many 

individual people in markets is dynamic 

(DuWors and Haines, 1990). This section 

begins with two examples of such behav-

ior from panel data. The authors show that 

these are not isolated instances and dis-

cuss the implications for the DJ approach 

to brand-performance estimation and, 

consequently, for the DJ understanding of 

how advertising works.

A Look at Two Examples of Real Buying 

Behavior

In an analysis of a purchase stream of the 

chocolate purchases of a person partici-

pating in a consumer panel (Table 1), the 

changes in this person’s purchase prob-

abilities are clear: This panelist bought 

chocolate eight times in the first period, 

nine in the second, six in the third, and 

five in the fourth. “Brand 1” is the first 

brand, but Brand 4 dominates for the first 

6 months and then almost disappears. 

Brand 2 gets bought most in the second 

6 months but is hardly dominant—and 

then it, too, disappears. No brand domi-

nates in the second and third periods. 

Brand 11, however, dominates in the final 

6 months—and some might argue that one 

can discern a developing preference for it 

in the third period.

For someone such as this, the only way 

to get “fixed purchase probabilities” (as per 

DJ and the Dirichlet assumptions) is by the 

artifice of fixing them. So, in period one, 

Brand 4 has a 50 percent share of wallet 

(i.e., a 0.50 chance of being bought). Extend 

the lens to 12 months and both Brands 2 

and 4 have a 0.29 chance of being bought. 

Together, the two account for 59 percent of 

what this person buys in year one. In year 

two, they are not bought at all.



326  JOURNAL OF ADVERTISING RESEARCH S eptember 2010

Why Modeling Averages Isn’t Good Enough

In an analysis of a panelist’s purchases 

of coffee for a year (Table 2), once again 

brand-purchase probabilities cannot easily 

be “fixed.” In the second six months, the 

panelist switches main brand, increases 

his or her repertoire from three to five 

brands; and nearly doubles the rate of her 

or his coffee buying.

One cannot look at these panelists’ 

behavior without concluding that their 

purchase probabilities are dynamic. The 

only way to make them look “fixed” is by 

the artifice of taking their average behav-

ior for a specified time. Expanding or 

contracting the time at will may smooth 

away the dynamism and “fix” propen-

sities by definition. Such “smoothing,” 

however, does not do justice to the under-

lying behavior, nor does it do justice to the 

implicit dynamism of the psychological 

preferences revealed by the behavior.

From Dynamic Individual Behavior to Non-

Stationary Markets

If the behavior of the panelists shown 

previously were exceptional, there might 

Table 1
A Two-Year Purchase Stream for a Panelist Buying Chocolate*

Brands

1 2 3 4 5 6 7 8 9 10 11 12 13

Purchases 1 1

2 1

3 1

4 1

5 1

6 1

7 1

8 1

9 1

10 1

11 1

12 1

13 1

14 1

15 1

16 1

17 1

18 1

19 1

20 1

21 1

22 1

23 1

24 1

25 1

26 1

27 1

28 1

*With thanks to the Aztec household panel in Australia for supplying all the panelist purchase histories used in this article.

Table 2
A One-Year Purchase Stream 
for a Panelist Buying Coffee

Brand

1 2 3 4 5

Purchases 1 1

2 1

3 1

4 1

5 1

6 1

7 1

8 1

9 1 1

10 1

11 1

12 1

13 1

14 1

15 1

16 1

17 1
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not be a problem. For each of four mar-

ket-leading brands, the authors classi-

fied chocolate lists’ buying behavior over 

24 months and 12 months into one of six 

mutually exclusive groups as a function of 

how their purchase probabilities change 

from one six-month period to another. 

Using the typical Ehrenbergian definition 

of a “user” in a period as someone who 

buys the brand at least once, there are four 

“user” and two “non-user” classifications:

•	 Users 

–– Up: significantly increase the share of 

wallet that goes to the brand

–– Static: share of wallet stays the same

–– Down: significantly decrease the share 

of wallet for the brand

–– Defect: stop using the brand.

•	 Nonusers

–– Adopt: start using the brand

–– Zero: remain non-users.

A difference in individual behavior across 

a time period was defined to be statisti-

cally significant if it exceeded the square 

root of the share of wallet in each of the 

successive periods.

As an example, consider someone who 

gives a brand 25-percent share of wallet 

in the first time period and 36 percent in 

the second. The confidence interval for the 

two periods is ± 5 percent and ± 6 percent, 

respectively. In this case, the difference is 

not statistically significant, and the per-

son’s behavior in relation to that brand is 

classified as “Static.” If, however, the share 

of wallet in the second period is 49 percent 

(confidence interval ± 7 percent), the per-

son can be classified as “Up”; Table 3.

By this approach, very few users’ brand-

purchase probabilities can be described as 

“near stationary” in either market through 

any transition. This underlying dynamism 

need not result in nonstationary markets 

as long as the changes in each person’s 

Table 3
A Summary of Panelist Behaviors over Time (A: Chocolates, 
24 months; B: Coffee, 12 months)

A B A B

P1–P2 P2–P3 P3–P4 P1–P2 P2–P3 P3–P4 P1–P2 P1–P2

Brand 1 Up 138 124 141 31 28 32 20 6

Static 83 63 60 19 14 14 28 8

Down 122 145 119 28 33 27 29 8

Defect 32 48 49 7 11 11 33 10

Adopt 37 37 50 8 8 11 52 15

Zero 27 22 20 6 5 5 182 53

Total 439 439 439 100 100 100 344 100

Brand 2 Up 100 78 100 23 18 23 9 3

Static 55 56 54 13 13 12 13 4

Down 83 94 70 19 21 16 14 4

Defect 59 83 64 13 19 15 35 10

Adopt 73 60 75 17 14 17 32 9

Zero 69 68 76 16 15 17 241 70

Total 439 439 439 100 100 100 344 100

Brand 3 Up 63 59 66 14 13 15 10 3

Static 42 45 39 10 10 9 11 3

Down 56 74 68 13 17 15 4 1

Defect 70 67 71 16 15 16 14 4

Adopt 84 66 62 19 15 14 21 6

Zero 124 128 133 28 29 30 284 83

Total 439 439 439 100 100 100 344 100

Brand 4 Up 8 14 12 2 3 3 0 0

Static 11 9 10 3 2 2 6 2

Down 14 14 12 3 3 3 12 3

Defect 56 29 63 13 7 14 25 7

Adopt 33 60 45 8 14 10 13 4

Zero 317 313 297 72 71 68 288 84

Total 439 439 439 100 100 100 344 100
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behavior are offset by changes in others. 

In fact, market shares in the coffee market 

were stationary over the period, but the 

chocolate market was nonstationary.

The result is nonstationary behavior 

underpinning both a stationary and a 

nonstationary market. In the chocolate 

market, the net effect of the behavior is 

that the market shares of the four leading 

brands changed. Three of the four brands 

experienced large gains (from 32 percent 

to 39 percent; 11 percent to 14 percent; and 

10 percent to 12 percent, respectively). The 

big loser was the brand ranked second at 

the start of the 18 months: Its share fell 

from 31 percent to 17 percent—a statisti-

cally significant change.

To follow up the original analysis, the 

authors conducted additional studies in 

four markets: chocolate, cheese, laundry 

detergents, and sweets (Table 4). Three of 

the four were stationary at an aggregate 

level. The authors focused on the pur-

chase propensities associated with pan-

elists’ dominant brands in two successive 

12-month periods. Panelists without a 

dominant brand in either period because 

of ties were dropped. The reduction was 

about 14 percent leaving 86 percent of the 

panelists with clear “winners” in both 

periods.

The question the authors sought to 

answer: How many panelists changed their 

buying behavior enough for that change to 

be significant? In other words, how many 

panelists do not have steady purchase 

propensities? The binomial-distribution 

method was used to test for significant dif-

ferences (Agresti and Coull, 1998).

The data showed that many panelists’ 

purchase propensities change. The 24 per-

cent whose brand preference for sweets 

changed was not as revealing as the much 

smaller 7 percent who changed their pref-

erence for laundry detergents. The low 

number was not unexpected, given a cat-

egory marketing history of high levels 

of brand commitment (a concept that DJ 

theorists do not seem to believe in). Seven 

percent, however, is enough to cause sig-

nificant market share changes. It is also 

enough to refute the Dirichlet generaliza-

tion about individual behavior.

Real Consumers and Dirichlet Fictions

In most stationary and nonstationary 

markets, there are many people whose 

purchase probabilities are unsteady. This 

leads to the question: How can nonstation-

ary individual behavior lead to stationary 

markets? The answer: It does so as long as 

the changes in behavior of each person are 

offset by changes in the behavior of others.

To illustrate the point, the authors stud-

ied three consumers buying three brands 

through three time periods (Table 5a). The 

three behaved more or less as many of 

the others had: They changed their buy-

ing rates and switched brands. In the first 

period, the first consumer was a “heavy” 

buyer, and the other two bought at about 

half the rate. In the second period, the 

second consumer became the “heavy” 

buyer—a change is offset by the first’s 

buying less. In each period, each consumer 

appeared to change his or her brand pref-

erences, but the changes were offset by 

changes in the behavior of the others. The 

three brands maintained market shares of 

Table 4
Significant Changes in Purchase Propensities for a Panelist’s 
Dominant Brand

N Percent

Cheese	
(Panelists: 555) 
(Brands: 163)

Main Brand1

Significant 60 12

Not Significant 436 88

Main Brand2

Significant 61 12

Not Significant 432 88

Chocolate	
(Panelists: 542) 
(Brands: 53)

Main Brand1

Significant 66 15

Not Significant 379 85

Main Brand2

Significant 85 19

Not Significant 363 81

Laundry Detergents	
(Panelists: 466) 
(Brands: 55)

Main Brand1

Significant 26 6

Not Significant 386 94

Main Brand2

Significant 33 8

Not Significant 379 92

Sweets	
(Panelists: 499) 
(Brands: 222)
 

Main Brand1

Significant 105 25

Not Significant 317 75

Main Brand2

Significant 103 24

Not Significant 324 76
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about 60 percent, 30 percent, and 10 per-

cent, respectively.

It is a relatively simple matter to create 

consumers who conform to the Dirichlet 

assumptions—in other words, consumers 

whose buying behavior exhibits steady 

state preferences—by rearranging pur-

chase events (see Table 5). In this way, it 

is possible to make it look as if a market 

is populated by consumers whose pref-

erences do not change. And as long as a 

market is stationary, brand purchases can 

be assigned to “consumers” in such a way 

that it looks as if the market is populated 

by consumers whose behavior is station-

ary—a situation that may be described 

as “mutually compensating” changes in 

behavior. The reconstruction, however, 

consists of fictitious characters whom the 

authors call “Dirichlet fictions.” Addition-

ally, DJ models are underpinned by ficti-

tious consumers.

In Summary

If you fix things by artifact (i.e., by speci-

fying a base time period—six months or a 

year), individual behavior can be made to 

look static, and market shares can be mod-

eled as if stationary. Moreover, as long as 

all panelists’ changes in purchase prob-

abilities are offset by changes in the pur-

chase probabilities of others, aggregate 

BPMs based on the assumption of station-

ary individual behavior will not need to be 

re-estimated as time passes.

In the data analyzed by the authors, 

however, the statistical assumptions on 

which DJ is based are inaccurate descrip-

tions of individual purchase probabili-

ties. Nonstationary individual behavior 

is common enough to cause market share 

changes. In four of the five markets, indi-

vidual changes offset one another, and 

market shares were static. In the choco-

late market, however, market shares 

changed. If the dynamic behavior did not 

lead to market share changes, one might 

still argue that it does not matter—that 

DJ is based on simplified descriptions of 

individual behavior. BPMs in the market 

still could be modeled and might have a 

degree of credibility, but accurate averages 

produced by a statistical method that does 

not describe individual behavior, is poor 

science.

When faced by nonstationary markets, 

the typical DJ response is to argue that 

brand performance can be remodeled for 

time-slices of those markets. Each “slice,” 

however, would require new parameter 

estimation; and the resulting BPMs would 

be particular to each “slice.” The authors 

believe this is not an efficient approach to 

brand performance estimation.

THE LANGUAGE OF BRAND 

PERFORMANCE

In the authors’ research, the statistical 

underpinnings of DJ provided a poor 

description of the behavior of many par-

ticipating panelists. How do these find-

ings reconcile with the psychological 

explanations that are derived from the 

idea that individual purchase probabili-

ties are “fixed?” The authors explore three 

explanations.

Table 5
Creating Fictitious Dirichlet Consumers (A: Typical Consumers; 
B: Dirichlet “Fictitious” Consumers, per Our Data) 

A B

1 2 3 D1 D2 D3

Purchases 1 1 1

2 1 3 1 1 3 1

3 2 1 1 2

4 2 2 1 2 2 1

5 1 1

6 1 2 1 2

7 2 1 1 2

8 3 2 2 3

9 1 1 2 1 1 2

10 1 1

11 2 2

12 3 1 1 1 3 1

13 1 2 1 1 1 2

14 1 2 1 2

15 1 1

Note: Cells in 5a show which of the three brands was bought by each consumer at each purchase occasion. Cells in 5b 
rearrange the purchases of the first two consumers to create fictitious consumers whose behavior is “near steady state.” The 
market is stationary: Brand 1 gets about 60 percent market share in each period, and brands 2 and 3 get about 30 percent and 
10 percent, respectively.
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“Big” and “strong” (or “small” and 

“weak”) are not the same thing

Over the years, DJ theorists have repeat-

edly claimed that “there are no strong 

or weak brands, only big or small ones” 

(Ehrenberg and Goodhahrdt, 2004). In 

dynamic markets, however (e.g., the choc-

olate market as measured in the authors’ 

panel), most marketers would want to be 

able to describe brands not only in terms 

of their size but in terms of the likely direc-

tion of their market share changes.

During the two years covered by the 

authors’ chocolate data, the number-two 

brand suffered a sustained fall in market 

share. If measures had been in place to 

forewarn of its impending losses, mar-

keters might have described it as “big,” 

but they almost certainly would not have 

described it as “strong.” A more likely 

description would have been “big, but 

vulnerable.” The same would be true for 

small brands about to get bigger—they 

might be described as “small,” but they 

would not be described as “weak.” In 

dynamic markets, therefore, big and small 

aren’t synonyms for strong and weak.

The language of brand strength better 

describes brands whose market shares 

are changing. Perhaps one reason the DJ 

position on the language of brand strength 

has been relatively easy to defend is that 

dramatic changes in market share are rela-

tively rare. Perhaps another is that attitu-

dinal BPMs do not have a good record of 

predicting such changes.

With respect to the second point: 

Progress is being made when in terms 

of attitudinal approaches that success-

fully predict behavioral changes from 

point-in-time surveys (Durbach, 2009). 

With respect to the first, the fact that dra-

matic changes are relatively rare does not 

alter the need for a language that appro-

priately encompasses the possibility of 

change. If there is a chance that a big brand 

might be about to suffer a loss in market 

share, the language of “big but vulner-

able” would better describe it than the lan-

guage of “bigness” alone.

A More Realistic Psychology

Like Ehrenberg, we adopt the idea that a 

person brings a set of attitudinal brand 

preferences to each purchase situation. 

One way to quantify this is in terms of a 

set of brand-purchase probabilities. There 

are at least two ways, however, to describe 

the position of brands in the set.

One uses the idea of “split loyalties”—

the idea that people are loyal to each of the 

brands in the set because they continue to 

buy each one according to its base prob-

ability of being bought. The other is to use 

the classic language of attitudinal brand 

attachment to signal differences in the 

strength of attachment—“strong” when 

the probability is high and “weak” when 

it is low. Which you choose does not mat-

ter, but we note that the latter is closer to 

the language most people would use to 

describe the way the mind works. From 

this point of view, DJ arguments that chal-

lenge the idea of measuring attitudinal 

brand attachment are mere semantics, 

nothing more.

The more serious DJ challenge comes 

from the idea of “no new learning” in 

mature markets where brands are well 

known. This idea would be easy to defend 

if panel behavior were consistent with 

“near-steady” purchase probabilities; but 

it isn’t. Using the method of “revealed 

preferences”—using actual behavior as a 

guide to underlying psychological prefer-

ences—our records suggest that individual 

sets of attitudinal purchase probabilities 

are not stable.

And this leads to the question: What is 

the cause of the brand switching we see?

Obviously, a great many factors may 

play a role in the drift of people from one 

brand to another. A brand may fall out of a 

person’s repertoire because it is no longer 

well distributed, because of pack and vari-

ant changes, or because of pricing. All such 

changes involve a consumer’s “learning.” 

There is one kind of “learning,” however, 

that DJ theorists argue does not occur: the 

kind that involves a consumer’s changing 

his mind about a brand’s characteristics.

On the evidence of the dynamic behav-

ior we show, there is no basis for the claim 

that “new learning” does not occur. From 

a psychological point of view, dynamic 

behavior may involve a person’s chang-

ing his or her taste rather than brand opin-

ions. If that were the only explanation, “no 

new brand learning,” in fact, would have 

taken place. The same scenario, however, 

could result in a situation in which a per-

son’s taste had not changed but his or her 

brand opinions had. Both explanations are 

plausible, but which one is operative—

changing tastes or changing brand opin-

ions—cannot be answered by looking at 

behavior alone.

One final point: Support for the idea of 

no new learning comes from the short-run 

behavior that occurs when people switch 

brands for a promotion or in response 

to an advertisement. Some people take 

longer than this short time frame, how-

ever, to drift away from one brand to 

another—a difference in panel behavior 

that needs to be analyzed in relation to 

marketing inputs in greater detail and over 

A narrow focus on current customers will work only if it 

also leads, whether intentionally or not, to the creation 

of new customers.
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longer time periods. Just because people 

might have bought a brand in response 

to an ad does not necessarily mean that 

this new purchase is (or is not) the begin-

ning of a long-term change in their brand 

preferences.

Can Individual Purchase Propensities Be 

Measured by Observation Alone?

In the second year of our analysis, the 

first panelist in our purchase-stream anal-

ysis failed to buy either of the two brands 

that dominated his repertoire in the first 

(see Table 1). In the second half of the first 

year, only on one occasion did he or she 

purchase the brand that accounted for 50 

percent of his purchases in the first half. 

Such behavior could be expressed as a 

function of the average propensity to buy 

each brand during a specified period of 

time—the “revealed preference” method 

used as a way to quantify purchase 

probabilities.

The resulting averages however, would 

mask what we think is best described as 

this person’s dynamic drift from one pre-

ferred brand to another. In fact, what the 

behavior “reveals” is that brand prefer-

ence has changed, and that leads to a 

question: Is it possible to establish a per-

son’s purchase probabilities at any point 

in time? If so, is it at all possible to do so 

by observation?

When a buyer’s behavior is dynamic, 

the problem with quantifying that indi-

vidual’s purchase probability is that past 

purchases no longer represent his or her 

ongoing attitudes. Using past behavior 

only produces accurate probabilities when 

people’s purchase propensities are station-

ary. And if behavior is mostly dynamic, 

the method of “revealed preference” is 

irrevocably flawed.

The point is simple: If dynamic behavior 

is possible, purchase propensities cannot 

be established only by observation. That 

leaves only one alternative: the traditional 

method of attitudinal surveys. We con-

jecture that only attitudinal surveys can 

provide a reliable method to establish how 

strongly attached a person is to a set of 

brands at a point in time.

If marketers seek to understand why 

people have the preferences they do, atti-

tudinal methods are essential because 

behavioral methods (revealed preference, 

for instance) cannot overcome the problem 

of out-of-date individual purchase infor-

mation (Hofmeyr, Holtzman, Goodall, and 

Bongers, 2008).

People do have preferences, but those 

preferences change, and those changes 

cannot be part of a “steady state.”

IMPLICATIONS FOR ADVERTISERS

The authors believe that consumer psy-

chology built on the back of DJ is inad-

equate. This premise has at least two 

important implications for advertisers.

What to Do if You Believe in a World of 

“Dirichlet Fictions”

If you believe that consumers buy accord-

ing to “near” steady-state purchase prob-

abilities in stationary markets, your aim 

should be—as Ehrenberg and his col-

leagues have often argued—to “publicize” 

the brand. Brand communications should 

be about “nudging” the brand to the front 

of each person’s mental queue. Your focus 

as an advertiser should be on maximizing 

both the reach and the frequency of your 

communication.

It is a world in which you would be 

“running hard to stay in the same place,” 

as DJ theorists sometimes say. You would 

achieve very little, however, for your 

brand except by accident—or, more specif-

ically, by accidentally “persuading,” even 

though you do not believe persuasion is 

possible.

What to Do if You Believe That 

Consumers‘ Brand Preferences Change

Brand communication is not just about 

“nudging” already well-known brands 

to the front of some “mental queue.” Our 

data show clearly that consumers‘ pref-

erences, as expressed in their purchase 

streams, change. Longitudinal survey 

data back this up—many people who are 

reinterviewed using attitudinal metrics 

will indicate that they no longer favor the 

same brands as before (Hofmeyr and Rice, 

2002).

The power that brand communication 

and other marketing levers have to shape 

what people think has been shown with 

increasing clarity by new measurement 

tools that allow us to study the brain (Mon-

tague et al., 2004). We also know, through 

the work of neuroscientists that the for-

mation of brand associations involves 

changes to the brain (Kandel, 2006). Strong 

brands are built by linking the functional 

characteristics of the brand through the 

contexts in which it is used and by the per-

sonal goals and values that are important 

to people.

The message for advertisers and mar-

keters: To truly understand the effect 

of any campaign, audit the consumers 

whose behavior has changed in response to 

the campaign. These include previously 

rare but not new users; true “first-time” 

users; and defecting heavy users. Under-

standing the impact of each marketing 

initiative at the margins—among those 

who appear to be changing—will lead to 

understanding of the persuasive effects of 

that initiative.

Is it possible to establish a person’s purchase 

probabilities at any point in time? 
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When it comes to advertising, the for-

mula for success is relatively simple: Con-

nect the brand to goals and values that 

matter to people.

CONCLUDING COMMENTS

At the turn of the century, the American 

Marketing Association asked marketers to 

choose the best advertising campaigns of 

the twentieth century. The top five were as 

follows:

•	 Volkswagen: “Think Small”

•	 Marlboro: “Cowboy” series

•	 Coca-Cola; “The Pause That Refreshes”

•	 Intel: “Intel Inside”

•	 Nike: “Just Do It”

Although VW’s “Think Small” campaign 

shows how an advertising campaign 

helped to redefine what people wanted, 

the Marlboro “Cowboy” is a powerful 

example of a campaign that changed the 

way people thought about brands. When 

the Marlboro campaign was devised in 

1952, the brand was seen to be a feminine 

cigarette—”as mild as May” according 

to the theme line—with only 0.5-percent 

market share. Leo Burnett put the brand 

in the hands of cowboys, and the rest is 

marketing history: Without changing the 

product, Marlboro became a strong, mas-

culine brand… and the market leader.

One might argue that neither VW or 

Marlboro is a good example of “new 

brand learning” because both brands were 

relatively unknown before the campaign. 

That would be to forget, however, that 

the campaigns changed the way people 

thought about other brands, not just VW 

and Marlboro. These anecdotes highlight 

the importance of straightening brand lan-

guage and fixing the mistaken accounts of 

consumer psychology that have been pro-

posed by DJ theorists.

The authors’ examination of the pur-

chase streams of panelists in five markets 

demonstrate that the assumptions about 

behavior that underpin DJ models are not 

universally true. Many individual pur-

chase propensities are not “near station-

ary.” Does it matter that the assumptions 

about individual behavior are false as long 

as the model produces accurate descrip-

tions of brand performance in markets? 

In the authors’ view, it would matter even 

if the model accurately described markets 

over time.

DJ theorists constantly use words 

such as near or mostly—as in “behavior 

is near stationary” or marketing initia-

tives “mostly attract people who’ve used 

the brand before.” A close examination of 

empirical information, however, confirms 

that behavior is dynamic and that it is the 

small incremental changes—the material 

that is excluded from the not-“mostly” 

in DJ generalizations—that may be at the 

root of long-term market share changes. 

They can be initiated by any of the market-

ing levers available to a marketer, includ-

ing brand communications.

The authors, therefore, contend that 

DJ theorists are inaccurate in the numer-

ous conclusions they draw about people, 

brands, communications, and markets. 

More specifically, they argue as follows:

•	 It is an oversimplification to claim that 

brands are only “big” or “small” and 

not “strong” or “weak.” Independent of 

a brand’s size, it needs to be described 

in terms of the likelihood that its market 

share might change, and that condition 

demands a language of brand strength.

•	 Individual behavior on panels supports 

the observation that people’s prefer-

ences change. Those changes could 

come from marketing communication. 

DJ theorists have not made the case for 

the theory that “no new learning” takes 

place in mature markets or that adver-

tising does not “persuade.”

•	 Using behavior to quantify individual 

brand-purchase probabilities is irrev-

ocably flawed. The only method of 

measuring a person’s brand-purchase 

probabilities at a point in time will be 

found in attitudinal surveys.

DJ, in fact, has utility as a method for 

describing market aggregates. It loses its 

efficacy, however, when it is compromised 

by simplistic consumer psychology and 

a narrow view of the options available to 

marketers.

Marketing scientists will surely get bet-

ter at predicting behavioral and psycho-

logical change. In this regard, we offer two 

further conjectures:

•	 Methods to understand changes in indi-

vidual behavior and market share will 

best be found in attitudinal surveys, just 

as is the case with methods to estimate 

individual purchase propensities;

•	 To the extent that covariates can help 

explain nonstationary markets, those 

covariates almost certainly will include 

spending on brand image changing 

marketing initiatives, including adver-

tising. 
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