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The Role of Measures, Models, and Data Aggregation
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Traditional econometric models suggest that advertising has a clear and significant positive effect on sales in
the current period. However, recent studies using scanner data indicate that the estimated effects of TV
advertising on households’ brand choices are weak and rarely significant. Do those findings mean that TV
advertising does not really have an impact on current brand choices and sales? Or are the discrepant findings
due to differences among the measures, models, and aggregation levels used by different researchers? The
authors address these issues. Their analysis indicates that aggregating data over time and households may
create a false impression of advertising having a statistically significant effect on sales.
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Marketers continue to spend large amounts of money on advertising,
which is one of the most important and visible marketing tools. Advertising
is generally thought to have a current-period influence on sales, called the
current effect, and a long-term influence beyond the current period, called
the long-term or carryover effect. For decades, researchers have used econo-
metric models to estimate both of these effects of advertising to help firms
set their advertising budgets. Our review of these models has identified two
distinct streams of research, which we label sales response modeling and
choice modeling. The two research streams are similar in goals and orienta-
tion, but differ substantially in their data and models. The results of studies
on the effects of advertising from these two streams of research are also
substantially different. We first describe the differences in data, models,
and results from these two streams of research, and then describe the goals
of the study we conducted to determine a cause for the difference.

Sales Response Models

One stream of research uses sales response models to find the responsive-
ness or elasticity of sales to current-period advertising while controlling for
other variables, typically price. These models use data that generally are
aggregated over all buyers, segments, and regions of a country to the na-
tional level. Temporally, the models aggregate the data into annual, quar-
terly, monthly, or weekly periods. Thus, sales response models use data that
are aggregated both temporally over purchase occasions and cross-section-
ally over buyers. The models typically use sales or market share as the
dependent variable, and analyze the effects of advertising, price, and other
variables on these dependent variables.

The large number of studies using sales response models yield some broad
generalizations about the effects of advertising on sales or market share.
These effects are measured primarily as the sales response or the sales
elasticity to advertising. On the basis of such models for numerous Euro-
pean packaged goods brands, Lambin (1976) found the mean of 40 signifi-
cant advertising elasticities to be .10. Leone and Schultz’s (1980) early
review of sales response models found advertising elasticities to range from
.003 to .482, most being below .2. In a meta-analysis of these models,
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Assmus, Farley and Lehmann (1984) concluded that
the elasticity of sales to advertising was .22. A more
extensive meta-analysis by Sethuraman and Tellis
(1991) found that the elasticity of sales to advertising
was .1. This stream of research suggests that the
effects of advertising on sales are both measurable
and significant.

Choice Models

Recently, another research stream has emerged in
which choice models analyzing single-source data are
used to address the same issues. Single-source data
are a combination of scanner data and cable data
(Curry 1993). Scanner data are records of consumer
purchases collected by laser scanners at the checkout
point of grocery stores. These data are very disaggre-
gate, containing detailed records of individual house-
holds’ purchases by item, promotional status, and
minute of occurrence. Promotional status includes
the price, the presence of in-store displays, retail ad-
vertising measures, and records of coupons redeemed
at the time of purchase. Cable data are records of the
same households’ exposures to TV advertising at five-
second intervals. The combination of scanner data
and cable data are called single-source data because
it provides in one place the key information that af-
fects consumers’ purchases of grocery products. The
strength of the data is in their wide coverage of key
variables and their in-depth coverage of purchase tim-
ing and choices of individual items by individual
households. (For more information on the collection
and uses of these data, see Tellis 1988a; Assael and
Poltrack 1992; and especially Curry 1993).

Choice models (Guadagni and Little 1983;
McFadden 1974) are a powerful method for analyzing
single-source data, because they do so at the highly
disaggregate level at which consumer decisions are
made. In particular, choice models can analyze indi-
vidual household choices in terms of brands, time,
and quantity purchased as a function of advertising
and promotional variables. Whereas the earlier stream
of research on advertising effects used sales response
models, the newer stream uses choice models. Com-
paring choice models with sales response models in
econometric research is analogous to comparing the
electron microscope with the optical microscope in
biological research or the laser with the scalpel in
surgery. The new data and models are better not
merely because they are disaggregate, but because
they enable us to investigate phenomena at the dis-
aggregate level at which the phenomena occur. The

new data and models promise great insights into con-
sumer behavior and the potential elimination of bias
in estimates of consumer response to advertising and
promotion. Several authors consider the new data
and models to be no less than a revolution in market-
ing research (e.g., Assael and Poltrack 1992; Curry
1993; Guadagni and Little 1983).

A growing consensus among researchers working
with choice models is that the current effects of TV ad
exposures on purchases are too small to capture or
perhaps nonexistent. In contrast, the current effects
of price, in-store displays, and retail newspaper ads
are pronounced and difficult to miss. For example, in
a choice analysis of toilet tissue purchases, Tellis
(1988) found the main effects of TV advertising to be
marginal. In addition, the Advertising Research Foun-
dation initiated five studies in which single-source
data were used to determine the effects of advertis-
ing. Only one of the studies found any effects worth
reporting. That study (Kanetkar, Weinberg, and Weiss
1989) found no main effect, but instead a negative
interaction effect of advertising on price elasticity.
The effect implies that advertising increases price
sensitivity and plays a role opposite to that intended
by managers. In the only published choice model of
which we are aware that finds significant positive
effects of advertising using single-source data, the
effect sizes are small (Pedrick and Zufryden 1992). A
few unpublished studies may show positive signifi-
cant effects, but probably many more show no signifi-
cant effects. Indeed, many researchers who analyze
scanner data with choice models do not include ad-
vertising in their models (e.g., Guadagni and Little
1983; Gupta 1988; Lattin and Bucklin 1990).

Scope of Current Study

Sales response models and choice models lead to
different findings about the estimated effects of TV
advertising. Are the discrepant findings due to differ-
ences in time periods, advertising media or product
categories? Or are they due to differences in models,
measures of advertising, or data aggregation? If one
of the latter is the reason, what is the appropriate
model, measure, or level of aggregation for estimat-
ing advertising’s real effects?

These questions motivated our study. In particular,
it had the following objectives:

* To determine whether the current effects of TV
advertising vary by temporal or cross-sectional
aggregation.
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+ To determine whether the current effects of TV
advertising vary by some alternate measures
and models used in the literature.

To achieve these objectives, we analyzed one cat-
egory, laundry detergents. We used detergent data
for two reasons. First, the heavy use of TV advertis-
ing for the category suggests that its marketers be-
lieve such advertising works. Also, because of the
heavy advertising in the category, the probability of
our identifying some of advertising’s effects was
higher. Second, in the category advertising patterns
vary greatly across brands and over time. Higher
variance in an independent variable increases the
probability of correctly estimating the effects of that
variable.

We evaluated the variance in estimates of TV
advertising’s effects on household purchases in this
category over different models, measures of advertis-
ing, and aggregation levels. We contrasted the esti-
mates from choice models with those from sales re-
sponse models. For each model, we contrasted the
estimates from different measures of advertising. For
the regression models, we contrasted the estimates
from data aggregated at the household level with
those from data aggregated at the market level com-
prising of the total of all households; we also con-
trasted the estimates from data aggregated in days,
weeks, and months.

Our approach was primarily empirical because the
precision of data, measures, and estimation methods
greatly exceeds the precision of the theories about
advertising’s effects. Our analysis was not meant to
deny the value of theory but to augment research into
theory.

The Problem of Data Aggregation

In the past, most data were aggregated across indi-
viduals and across time periods. The question of ag-
gregation level was moot. However, with scanner panel
data available at the level of household choice, the
selection of an operational aggregation level has be-
come important. Our purpose was to study
advertising’s effects on sales, which is a sum of indi-
vidual consumer choices. Advertising only can affect
sales through the effect of ad exposures on these
choices of individuals. Therefore, for our purposes,
we believed that data at the level of individual house-
holds, reflecting advertising exposures and individual
purchases, was likely to produce the most reliable
estimates of advertising’s effects. We discuss this is-
sue in more detail subsequently. Here we briefly re-

view the history of the estimation of the effects of
aggregation on advertising response.

In econometrics, disaggregate data are generally
preferable to aggregate data. The reason is that data
aggregation always leads to a loss of statistical power
and efficiency (Judge et al. 1985). In addition, data
aggregation can bias the estimated effects of an inde-
pendent variable on the dependent variable (Cooper
and Nakanishi 1988; Judge et al. 1985). One aggrega-
tion issue covered extensively in the marketing lit-
erature is of the carryover effects of advertising. Such
effects may be due to delays in purchase after expo-
sure to an ad, long-term memory for the ad, word-of-
mouth diffusion of the ad’s message, or other factors.

Beginning with a pioneering study by Palda (1964),
researchers have tried to measure the carryover ef-
fects of advertising, typically with one class of models
called Koyck models. The appeal of these models is
that, subject to some assumptions, they capture all
prior or carryover effects of past advertising through
the coefficient of one variable. That variable is the
lagged value of the dependent variable that is in-
cluded as an independent variable in the model. In an
important review in this tradition, Clarke (1976) ar-
gued that data aggregation upwardly biases the esti-
mates of the carryover effects of advertising. Subse-
quently, researchers have shown the cause of the
bias, estimated its size, and provided models to cor-
rect for it. Only a few studies have examined the data
aggregation in estimates of the current effects of ad-
vertising. Clarke (1976), Windal and Weiss (1983),
and Bass and Leone (1983, 1986) showed or noted
that, if unaccounted for by the specification, the esti-
mate of advertising’s current effects will increase as
the data aggregation increases.

Our study differed from the studies cited in one
important respect: we examined the role of bias, if
any, in the estimate of the current effects of TV ad-
vertising due to measures, models, or data aggrega-
tion. We examined effects of both cross-sectional and
temporal aggregation. Most of the studies on carryover
effects were fairly narrow in scope. They (1) were
restricted to sales response models, (2) often assumed
that the true response to advertising followed a Koyck
process, 3) used data that were aggregated over all
buyers, and (4) measured advertising in dollars or
gross ratings points. With today’s richer single-source
data, we can measure sales and advertising exposure
very accurately for individual households and brands.
Analyses of such data using choice models generally
fail to find significant estimates of any current effects
of TV advertising on choices. Sales response models,
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in contrast, usually show a significant positive effect
of such advertising on sales. We therefore addressed
the question of whether the findings from these two
research streams differ due to models, measures or
data aggregation?

Data

We used single-source data collected by IRI (Infor-
mation Resources Incorporated) and given to us
through the Advertising Research Foundation as part
of a major study initiated by the latter organization.
Five categories of data were made available, from
which we chose laundry detergent because it had the
highest and most intensive level of TV advertising.
Based on figures from Leading National Advertisers,
we estimated that all the brands in the category spent
about $260 million on TV advertising for the year we
studied. Such heavy advertising implies that firms
believed in the merits of TV advertising, and there-
fore such advertising should have measurable effects
on consumer choices. Of the 28 brands in the cat-
egory, 16 advertised. Brands owned by Procter and
Gamble dominated the category, capturing over 50%
of the purchases and TV exposures recorded. For the
entire category, the records covered 88 weeks of house-
hold purchases of laundry detergents for 1983-1984
in Eau Claire, Wisconsin.

Panelists’ Purchases

We used the first 30 weeks of data to initialize some
variables, and the remaining 58 weeks of data to
estimate the models. The original sample consisted of
about 2000 panelists, 970 of whom had meters that
recorded their TV viewing. We dropped panelists who
had purchased less than three times in either the
calibration or the estimation period, and panelists
whose TV meter worked less than 81% of the time,
which left 162 panelists. The sample was somewhat
small, but previous studies used as few as 100 panel-
ists (e.g., Guadagni and Little 1983).

Choice Sets

We defined the purchase alternatives available in
the laundry detergent category for four levels of de-
tail: brands, forms, sizes, and UPCs. We did not drop
any brands to preserve the string of consecutive pur-
chases by households. In particular, we used 28
brands, two forms (powder, liquid) for each brand,
many sizes for each form, and a few different UPCs

(the item identification) for each size. Because pric-
ing and promotion tend to be specific to a brand,
form, and size, we did not aggregate over any of those
three levels. The only aggregation (in the data pro-
cessing) was across UPCs with the same brand, size,
and form. Over the whole market, and time period,
this process yielded 93 alternatives available in the
market. An alternative was a unique brand, size, and
form available in a few UPCs (e.g., Tide 32 oz. liquid).

In merging with the purchase data, we reduced this -
number (93) to a more plausible choice set. First, the
choice set was defined to be the alternatives available
within the store in which the panelist buys. Second,
only alternatives bought at least once (by some panel-
ist) in a four-week period were assumed to be avail-
able in the store. We refer to this four-week period as
a calibration month. Third, we classified these alter-
natives into 11 categories (choice sets) based on form
and size, five liquid and six powder. For each occasion
and store visit, we assigned panelists to one category
according to the alternative chosen. Our assumption
was that consumers are not likely to be in the market
for alternatives of widely different sizes or forms.
Hence, our analysis of choices and sales was condi-
tional on purchase occasion, store, and choice set de- .
cisions (which were not explicitly modeled). These
limitations are not critical because our focus was TV
advertising, which is not likely to affect decisions of
timing, store, or choice set. Finally, our comparison
was across different models, measures, and aggrega-
tion levels, to all of which the same data preparation
applied.

Marketing Variables

We obtained information on the prices, displays,
features, and coupons from the purchase data and
the store data. Prices were the actual prices paid by
panelists for a particular brand, in a particular store,
at the minute of purchase. A typical aspect of such
prices is that they fluctuate from week to week as the
retailer offers discounts, but remain the same within
a week. However, the price we used was not the weekly
stable list price, but a transaction price to which the
value of coupons (if used) was added back. The re-
corded transaction price was net of coupons. So, for
the brand a consumer bought, we defined the list
price as the transaction price plus the value of any
coupons used. For a brand a consumer did not buy,
we defined the list price in a store and week as the
highest modal list price paid for that brand by any
panelist in that store for that week. For weeks in
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which no purchase occurred at all, the list price was
that of the previous week in the calibration month.

In-store displays are physical setups sent or paid
for by the manufacturer to provide greater visibility
for the brand. Not all retailers accept displays or
have them during the same week. Hence, displays
vary by store besides varying by brand and week.
Past research, as well as our perusal of the data,
suggested that displays substantially increase sales.
We therefore included a dummy variable for the pres-
ence or absence of displays for all panelists shopping
for a brand in the store that had the display during a
particular week.

Features are advertisements by the retailer in the
local media announcing the availability or price of a
brand. Most features are free-standing inserts in the
local newspapers. Some features may be mailed or
distributed to households. Features generally indi-
cate that a brand has a special lower price during a
particular week in the store, although some may only
indicate availability. We included a dummy variable
for the presence or absence of features for all panel-
ists shopping for a brand in the store that had the
feature during a particular week. Features may ap-
pear collinear with price discounts in aggregate data,
but with disaggregate data there is sufficient varia-
tion among consumers who do and do not buy on sale,
and stores that do and do not feature discounted prices
for one or another brand, that collinearity is not a
problem.

Coupons are certificates from the manufacturer that
guarantee consumers a refund on some portion of the
list price at the point of purchase if they meet certain
conditions. Because the data did not record the avail-
ability of coupons to individual households, we in-
ferred it from the data. We defined coupons as a
dummy variable that takes the value 1 for a brand in
a week if at least one panelist bought the alternative
with a coupon in that week; otherwise it takes the
value 0. Note that displays, feature, and coupons mea-
sured the availability and not the use of those mar-
keting variables.

TV Ad Exposures

A TV meter records TV ad exposures by brand,
minute of day, and five-second intervals. Because the
TV meter sometimes breaks down, a separate vari-
able records the days when the meter is not working
for each panelist. We dropped panelists whose meter
worked less than 81% of the time. The 81% criterion
appeared to be the best compromise between having

too small a sample size and having too many missing
parts of observations. The meters of the remaining
panelists on average worked more than 99% of the
time.

Many of our data-processing steps were similar in
spirit to those of other researchers (Gupta 1988; Lat-
tin and Bucklin 1989; Tellis 1988a). They were not
critical to our study because our purpose was to com-
pare across models, measures, and aggregation levels
for which the same data processing applied. Also, we
had previously carried out a similar analysis with a
fairly different aggregation approach (all alternatives
were aggregated to the brand level). The coefficients
of price in that analysis were a little weaker than
those described here, but the coefficients of advertis-
ing were similar in the two analyses.

Brand Loyalty

To control for heterogeneity, we included a simple
measure of past behavior, sometimes referred to as
brand loyalty. It is defined as the share of choices of
each household of each brand in a prior holdout pe-
riod (e.g., Lattin and Bucklin 1989).

1) L;=CyN,

where

L, = panelist s loyalty for brand

C, = panelist s choices of ; in the prior hold
out period

N, = panelist s total choices of all brands in
the prior holdout period.

Note that at the individual level, brand loyalty is
the preference of one household for one brand. At the
aggregate level, it is the average preference of a group
of individuals (or segment) for the brand.

Research Design
TV Advertising Measures

All of our measures of advertising were based on
recorded TV exposures. Because we had no record of
actual consumer viewing, these exposures were strictly
only opportunities to see the ad. However, exposures
are important because advertising managers can con-
trol only exposures, not opportunities to see.

Advertising theory does not provide clear directions
for precise measures of advertising, such as incidence
or duration of ads, counted independently or in rela-
tion to competition, occurring in the current period
only or in the last few periods. In most cases we
therefore used multiple measures, rerunning a model
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for each measure. Because exposures can be com-
puted in several ways, and because the effects of TV
advertising may be weak and could be affected by the
measures, testing multiple measures of advertising
is important.

Households may be influenced by either the inci-
dence of each ad or the duration of each ad, especially
if they tune in to only a fraction of the ad. We there-
fore used both measures of TV exposures (i.e., num-
ber of ad exposures and the total duration of ad expo-
sures in a particular time interval). Households may
be influenced by a brand’s exposure per se or by the
impact of that brand’s exposure in relation to expo-
sures of other brands in the category. Hence, we used
both the independent exposures and the share of ex-
posures in a time interval. The latter variable is often
referred to as share-of-voice. Note that we can mea-
sure share-of-voice at the aggregate level for the mar-
ket and at the disaggregate level for each panelist.

Households may be influenced by the exposure in
the current time interval only or by past exposures if
advertising’s effects last beyond the current interval.
We included both types of measures. For past adver-
tising, we used a simple lagged value of the last
period’s advertising as well as an exponentially
weighted average of past exposures to compute the
stream of past advertising. The latter variable is de-
fined as

(@ AS,=aA, +(1-8a)AS,1,

where A is ad exposure, AS is advertising stock, o is a
constant reflecting the decay of advertising’s effects,
and t is a subscript for time interval. We used the
first 30 weeks of data to initialize this moving aver-
age. Because theory does not give a clear value of o,
we tried different measures between zero and one.
An advantage of this single measure of advertising
stock is that it avoids multicollinearity from includ-
ing multiple lags of advertising in the same equation.
In the following discussion, advertising refers to TV
advertising only.

We crossed all three ways of measuring advertising
so that in total we tested eight different measures of
advertising: (incidence or duration) x (independent or
share) x (simple lagged or advertising stock).

Data Aggregation

We explored the influence of two types of data ag-
gregation, cross-sectional and temporal.
Cross-Sectional Aggregation. We carried out the

analysis with data at the individual-household level
and aggregated across all households representing a
market. In the former case the dependent variable
was brand choice (0 or 1) and in the latter case it was
sales. This comparison represents the difference be-
tween sales response models typical of the earlier
stream of research and brand choice models typical of
more recent research.

Temporal Aggregation. With scanner data, tempo-
ral levels of aggregation can range from seconds to
years. We chose days, weeks, and months. (Analysis
at the level of seconds, minutes, and hours expands
the data to the point that they become almost un-
manageable). Because we had only 58 weeks of data,
disaggregation and aggregation yielded 406 days of
daily data, 58 weeks of weekly data, and 14 periods of
monthly data that we could use for our analysis. We
did not aggregate the data above the level of months
because we would have lost most of the temporal
variation, and the cross-sectional influence of
interbrand competition would have dominated the
data. We believed the comparison across aggregates
of days, weeks, and months was adequate for our

purpose.

Models

Our primary purpose was to determine how esti-
mates of advertising response from two commonly
used models (the logit and regression models) vary
across measures and aggregation levels. Because we
were already testing several measures and aggrega-
tion levels, we restricted our analysis to one simple
form of each model. At the individual level, we com-
pared the estimated effects from the logit model with
those from the regression model (see Tables 1 and 2).
For the temporal and cross-sectional aggregates be-
yond the individual level we used only estimates from
the regression model because the logit model can be
estimated only on choices occurring at disaggregate
purchase occasions.

To analyze sales, we used the following regression
model (constant terms omitted for ease of presenta-
tion):

3) Sijt = EkBkX'kijt + g

where S, is sales of brand j to panelist i in time
period t, X . are independent variables describing
panelist ancf brand characteristics of the sales (the
variables are brand loyalty, advertising, price, fea-
ture, display, and coupons), B, is a set of parameters
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to be estimated, and u,, are errors assumed to bei.i.d.
normal. For ease of exposition in the following discus-
sion, we do not use different superscripts for esti-
mates of B obtained from alternate models.

To analyze sales at aggregate levels we used corre-
sponding aggregates of equation (3).

(Ba) S, =ZIpX,. tu

where the subscript t’ implies an aggregate of values
of variables in the corresponding t microperiods. Thus,
when t is an index of the first seven days in March, t’
is an index for the first week of March.

@b) 8,=LBX . +tu, for aggregation across house-
holds

(Bo) §,= ZBX, tu, for aggregation across house-
holds and time periods

To analyze brand choices, we used the logit model
defined as

@) P, = Vi1 +exp(-5BX,,)

where P, is the probability that subject i chooses
brand j in time period t, subject to errors (in specifica-
tion and estimation) that are identically and inde-
pendently distributed Gumbel or type 1 extreme value
(Ben-Akiva and Lerman 1989). We used this binary
logit formulation because it is comparable to the re-
gression model.

The key difference between a binary logit model
and a regression model is that the former assumes an
S-shaped response and the latter assumes a linear
response. Advertising response is often assumed to
be S-shaped because if there are many exposures
they may be in the region of saturation, and if there
are very few exposures they may be lost in the noise.
The logit model is best for capturing an S-shaped
response if it is present. An extensive review found
no evidence of the S-shaped curve (Simon and Arndt
1980).

Our design ensured that we could separate the in-
fluence of models, measures, and aggregation levels.

Results

We report the results separately for the advertising
measures, the models, and each type of aggregation.
None of the independent variables is standardized, so

the coefficients can be interpreted directly in terms of
units of the independent variables. In comparing two
estimated coefficients of advertising, if both are not
significantly different from zero, we conclude that the
two approaches that yield the coefficients are indis-
tinguishable. If one is significantly different from zero
and one is not, we conclude the two approaches that
yield the coefficients are different. If both coefficients
are significantly different from zero, we conclude the
two approaches are different only if the coefficients
are significantly different from each other as deter-
mined by the F-test.

Advertising Measures

We found no differences in estimated coefficients
for any of the advertising measures. First, we found
no substantial difference in results when advertising
was measured independently as the level of a brand’s
advertising and when it was measured in relation to
competition as share-of-voice. Therefore, in subse-
quent analyses, for ad-stock we used the independent
measures of advertising because they are easier to
compute and interpret; in all other cases we used
share-of-voice because it is managerially more mean-
ingful.

Second, in the regression and logit analyses, we
found no difference in estimated coefficients of the
two measures of advertising, number of exposures
and time of exposure in seconds (see Table 1). For the
subsequent analyses we present results only for the
number of exposures because it is managerially more
meaningful. (Note that Table 2 reports estimates of
all independent variables for the logit and regression
models, whereas Table 1 gives only estimates of dif-
ferent measures of advertising for those models.)

Third, the estimated coefficients of advertising were
not different when advertising was included as ad-
stock or as current advertising. We calculated ad-
stock by using equation 1, for a values ranging by .10
from zero to one. Including both current advertising
and ad-stock in the same model would not make sense
(because ad-stock already contains current advertis-
ing); also, a = 1 implies only current effects of adver-
tising. No value of « yields significant coefficients of
advertising. In addition, the estimated coefficients of
advertising do not change substantially as a increases.
Table 1 gives results for three different values of o.

Models

Table 1 shows that the coefficients of advertising
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Table 1
Impact of Different Ad Measures and a Weights on Coefficients of Advertising
in Logit and Regression Models*
A. Logit Estimates of Effect of Advertising on Choice

o=.8 o=.9 oa=2
Advertising Measure B 12 B x2 B x2
Ad-stock (seconds) -.001 .14 002 .34 .001 .15
Ad-stock (exposures) 017 .02 A1 77 .08 .47

B. Regression Estimates of Choices on Advertising

«=28 o=.9 o=2
Advertising Measure B 1 B t B t
Ad-stock (duration) -.0003 1.28 -.0001 .64 -.0002 1.18
Ad-stock (incidence) -.007 .66 -002 .26 -.006 .78

& Each row represents results from a run with a different model or measure of advertising. Effects of other independent variables are not re-

ported here for simplicity. See Table 2 for the latter estimates.

are insensitive to type of model. As long as the analy-
sis is at the individual-panelist level and does not
involve cross-sectional or temporal aggregation, the
coefficients of advertising are not significantly differ-
ent from zero. Table 2 compares the coefficients of all
independent variables estimated by the logit and re-
gression models. Although the coefficients are not
directly comparable, the x* and t statistics may be
compared. The %? is equivalent to the square of the t-
statistic. Note that the rank orders of these statistics
are similar in the two models. Also, in both models,
all variables but advertising have coefficients that
are significantly different from zero. Finally, consis-
tent with findings in other studies, the test statistics
(x2 or t) for loyalty are substantially higher than those
for other variables.

Data Aggregation

Temporal Aggregation. Table 3 shows the influence
of temporal aggregation. Note that the coefficients of
most of the independent variables do not change much
with temporal aggregation, whereas those of adver-
tising increase systematically with temporal aggre-
gation. For example, the coefficient of lagged share-
of-voice increases from -.003 (t = .4) at the daily level,

to .02 (t = 1.7) at the weekly level, to .07 (t = 2.7) at
the monthly level. This finding is generally consis-
tent with behavior noted by Clarke (1976), Bass and
Leone (1983,1986), and Windal and Weiss (1980).

Cross-Sectional Aggregation. Table 4 reports the
influence of cross-sectional and temporal aggregation.
The market level is a (cross-sectional) aggregation of
all individual panelists’ observations (equation 2b).
To make a simple comparison, Table 4 gives the influ-
ence of aggregation on the estimates of coefficients
for only two variables, the lagged share-of-voice and
coupons. Note that the coefficients of advertising in-
crease with temporal aggregation at both the indi-
vidual-panelist level and of the market-aggregate
level. Also, coefficients of lagged share-of-voice are
higher at the market-aggregate level than at the pan-
elist level for every level of temporal aggregation. In
contrast, the coefficients of the other independent
variables do not change much, as Table 3 also shows.
In particular, Table 4B shows the insensitivity of the
coupon coefficients to both temporal and cross-sec-
tional aggregation.

Discussion

The key conclusions from our analyses are that the
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Table 2
Comparison of Estimates by Logit and Regression Models
(Dependent Variable: Brand Choice)

Independent Logit Estimates Begression Estimates
Variable

B X B t
Cumulative exposure A1 8 -.002 3
Loyalty 5.87 1487.9 .87 69.1
Price -.63 12.4 -.02 27
Coupon 1.26 295.2 .10 16.8
Display 1.87 246.6 27 213
Feature 72 115 A3 5.8
“R?" , R? .36 .36

estimated effects of advertising, especially the cur-
rent effects:

- are not very sensitive to alternate measures,

+ gre not very sensitive to alternate models (e.g.,
regression or logit) if both are at the same level of
disaggregation,

+ increase systematically with temporal and cross-
sectional aggregation, a finding consistent with
that in the aggregation bias literature which as-
sumes a Koyck model of the carryover effects of
advertising (e.g., Clarke 1976; Russell 1988;
Weinberg and Weiss 1982), and

- are not significantly different from zero when
the data are at the most disaggregate level (i.e.,
panelists’ brand choices), despite the fact that
brands in the category have advertised heavily
with wide variation over time and across brands.

These conclusions are based not only on the results
reported here, but also on numerous other analyses
that we do not report because of space constraints. In
addition, the results are not affected by our data prepa-
ration procedures for two reasons. First, our results
hold across different models, measures, and aggrega-
tion levels for which the same data processing was
carried out. Second, we had previously processed the
data differently, aggregating all variables to the brand
level instead of the brand, size, and form levels as
described here, and the pattern of results was very
similar.

The generalizability of the results must await repli-
cations, but some of the results bear similarities to
patterns in the literature. Our most important obser-

vation is that the estimated effects of advertising are
significantly different from zero only when the data
are aggregated over either time or individuals. In the
literature, the level of aggregation is a key factor
differentiating the two streams of research that led to
the contrasting findings on advertising effects dis-
cussed previously. The older studies based on aggre-
gate data estimated small but significant effects of
advertising on sales (e.g., Assmus, Farley, and
Lehmann 1983; Sethuraman and Tellis 1991). The
newer studies based on disaggregate scanner data
have estimated only weak or nonsignificant effects of
advertising on brand choices (Kanetkar, Weinberg,
and Weiss 1991; Tellis 1988a).

Which level of aggregation is more appropnate for
measuring advertising’s effects? An unambiguous
answer must await formal analysis, but at least three
arguments favor the more disaggregate level. First,
sales response to advertising in categories such as
the one we studied should occur as individual panel-
ists are exposed to and process individual TV ads.
Advertising dollars or gross rating points are at best
proxies for the individual-level processing that must
take place. Thus, the more the data represent this
level of disaggregation, the more likely they will be to
capture any relationship that might be present.

Second, for the preceding reason, econometricians
generally believe that given different levels of aggre-
gation, the more disaggregate data provide more con-
sistent and less biased estimates (e.g., Train 1990, p.
2, 37-44). Specifically, data aggregation compresses
the variance of individual variables and often intro-
duces spurious covariation among pairs of variables
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Table 3
Effect of Temporal Aggregation on Regression of Number of Choices on Marketing Variable
at Individual-Panelist Level

Regression Estimates

_Daily Weekly Monthly
Independent B t B t B t
Variables
Intercept .04 6.8 .04 6.6 .04 59
Share voice, (-) .008 4 .05 2.1 .05 1.6
Share voice -1 -.003 4 .02 1.7 .07 26
Loyalty .87 69.1 .88 69.2 .86 66.3
Price (-) .03 28 .03 2.8 .03 27
Coupon 10 171 10 16.9 .09 15.3
Feature 13 5.8 12 5.2 12 5.1
Display .27 21.4 27 205 .23 17.3

due to external events. For example, disaggregate
scanner data contain great variance in exposure lev-
els across panelists and across time within a brands’
advertising schedule. Suppose individual TV expo-
sures do not affect individual brand choices. In that
case, aggregate advertising levels may relate to ag-
gregate sales because managers target heavy buyers
with more GRPs, or because managers increase ad-
vertising activity during the peak season. In general,
data aggregation inflates covariation, leading to prob-
lems of multicollinearity and spurious causality; dis-
aggregate data afford more precise estimates.

Which level of disaggregation is the best? Again, an
unambiguous answer would depend on formal analy-
sis. However, the differential influence of aggrega-
tion on the coefficients of advertising and the other
variables probably offers a clue. For example, in Tables
3 and 4, why do the coefficients of advertising vary
with aggregation whereas those of the promotion vari-
ables do not? The answer lies in understanding the
distribution of these independent variables. Retailers
normally do not change the promotion status of brands
in the store within a week. Indeed, for most of the
alternatives in the choice set, the promotion vari-
ables have the same status within the month, as only
some of the brands go on promotion. The values at
the daily level are therefore the same as those for the
week and similar to those at the monthly level, so
aggregation over those time intervals may not affect
the coefficients. In contrast, TV advertising exposures

vary substantially by programs and days of the week.
Thus, each time the data are aggregated, the distri-
bution of these independent variables is affected,
which in turn affects the estimated coefficients
(Russell 1988).

A similar logic holds for cross-sectional aggrega-
tion. Ad exposures vary by household. Aggregation
influences the distribution of that variable and thus
its estimated effect on the dependent variable. But
the promotional variables and especially coupons, as
defined here, are common across households as they
measure the availability of coupons in the market.
Thus, cross-sectional aggregation does not affect the
distribution of coupons and their impact on the de-
pendent variable.

The most appropriate data level is therefore likely
to be the level of aggregation that least disturbs the
natural distribution of the independent variables. At
that level their effect on the dependent variable can
be estimated without bias. When the focus is the
effects of TV advertising exposures, the most appro-
priate data levels seem to be the individual-house-
hold level and the daily (or lower if relevant) level.

Whether or not the arguments for disaggregated
data hold depends on further empirical and theoreti-
cal research. Such research is urgently needed be-
cause of the vast expenditures on advertising and the
fact that current managerial recommendations tend
to be based primarily on analyses of aggregate data
(e.g., Abraham and Lodish 1987, 1990).
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Table 4
A. Effect of Temporal and Cross-Sectional
Aggregation on Regression of Number of Choices

on Lagged Share-of-Voice*
Begression Estimates
By Panelists By Market
Time Period B t B t
Daily -003 5 .03 28
Weekly 023 1.7 .09 2.7
Monthly 069 27 21 3.3

B. Effect of Temporal and Cross-Sectional
Aggregation on Regression of Number
of Choices on Coupon*

ression Estim
By Panelists By Market
Time Period B t B t
Daily 10 171 .09 17.9
Weekly 10 199 .10 17.4
Monthly .09 153 .11 10.9

a0ther variables not reported.

If disaggregate data and the results from choice
models are valid, an important issue is why the ef-
fects of advertising on brand choice are so weak de-
spite heavy expenditures by firms. For laundry deter-
gents, our estimate is that firms spent more than
$250 million in one year. A related question is why
firms continue to invest in advertising despite persis-
tent doubts about its profitability raised by studies
such as ours and others carried out over the years
(Aaker and Carmone 1982; Abraham and Lodish 1990;
Eastlack and Rao 1989). Possible reasons include ef-
forts to support a premium price, to motivate the
sales staff, or to motivate retailers to stock and pro-
mote the brand. Procedural reasons may be that brand
managers set budgets as a percentage of sales or to
match competitive advertising or on the basis of analy-
ses of aggregate data and not by sales performance.

Whether these explanations are valid remains a sub-
ject for further research. However, even if they are
valid, it is not clear that these explanations justify
the historical level of advertising expenditures (Aaker
and Carmone 1982; Sethuraman and Tellis 1991).
Alternatively, it is not clear that the goals suggested
by the explanations cannot be achieved more directly
and efficiently by means other than advertising.

Another explanation sometimes given for the role
of advertising is that it serves to enhance brand loy-
alty rather than to motivate current brand choice.
Indeed, that is one of the most common hypotheses
put forth in the industry. The evidence often provided
for this hypothesis is that large-share brands have
high loyalty and high advertising (e.g., Coke). How-
ever, such evidence is flawed by an incorrect test or
interpretation of causality. For example, one could
also argue that firms, successful because of superior
quality, may win loyal consumers and a large share
of the market. Such firms may advertise heavily to
promote their quality or because they have the re-
sources to do so. In such a case, quality leads to brand
loyalty, market share, and heavy advertising, not the
other way around. Other (more plausible) causes of
brand loyalty are consumer inertia and market pio-
neering.

On the basis of our results, we question advertising’s
influence on brand loyalty because it appears to have
so little effect on current brand choice. After all, if
advertising does not influence consumers’ selections
of a brand at the time when its message is fresh, how
will it affect a strong, enduring preference for a brand
at a later time? Such an enduring preference is what
we think marketers normally mean by the term “brand
loyalty.”

Some critics may argue that advertising works pri-
marily by attracting new consumers to the market or
the brand. That hypothesis is plausible and consis-
tent with the view that advertising serves as a source
of information for consumers. However, we question
whether the proportion of new consumers in a ma-
ture category, such as the one we studied, is adequate
to justify the heavy expenditures on advertising. We
cannot draw definite conclusions on this issue, how-
ever, because the design of our sample did not include
new consumers and the data did not include new
products.

Conclusion

The urge to generalize from our results is strong.
The data are detailed and the product class is well
established, supported by heavy advertising for sev-
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eral of its brands, and perhaps typical of many classes
of packaged goods offered for sale in supermarkets.
In addition, our results are typical of those reported
in the literature for both choice and response models.
Our study seems to us to be robust. Therefore, on the
basis of the preceding discussion and the results from
the literature, we are led to the working hypothesis
that advertising plays a nondetectable role in the
choice of brands by households in discrete time. The
statistically significant effects of advertising found in
studies using response models may be spurious re-
sults reached by aggregation of the data over time
and households. Additional work is needed to either
confirm or contradict the hypothesis.
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