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Abstract
The contribution of regression analysis (econometrics) to advertising and media decision-making 
is questioned and found wanting. Econometrics cannot be expected to estimate valid and reliable 
forecasting models unless it is based on extensive experimental data on important variables, 
across varied conditions. This article canvasses alternative, evidence-based methods that have 
been shown to be useful for forecasting problems. These methods are described with the hope 
that they are more widely used for marketing forecasting. The approaches include media and 
copy experiments, analyses of individual level single source data, and structured expert judgment.
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Introduction

Managers are concerned with forecasting the effects of advertising and media decisions on sales. 
Econometrics is an umbrella term for a range of statistical techniques for developing causal models 
for that purpose; the term covers marketing mix modeling (MMM), media mix modeling, and 
attribution modeling. Underlying the various techniques of econometrics is the process of fitting a 
least-squares regression model to time-series or, less commonly, panel data. In marketing, econo-
metrics is intended to answer forecasting questions, such as:

•• How will changes in the marketing mix affect sales?
•• What is the right amount to spend on media?
•• Which medium or media combinations will be most effective or efficient?
•• Is it better to schedule for flighting or continuity?

Corresponding author:
Rachel Kennedy, Ehrenberg-Bass Institute, University of South Australia, PO Box 2471, Adelaide, SA 5001, Australia. 
Email: Rachel.Kennedy@MarketingScience.info

782871 MRE0010.1177/1470785318782871International Journal of Market ResearchKennedy et al.
research-article2018

Article

https://journals.sagepub.com/home/mre
mailto:Rachel.Kennedy@MarketingScience.info
https://sagepub.com/journals-permissions
http://crossmark.crossref.org/dialog/?doi=10.1177%2F1470785318782871&domain=pdf&date_stamp=2018-07-05


612 International Journal of Market Research 60(6)

•• When will these ads wear out?
•• How much economic activity is derived from advertising expenditure?
•• Where should the next marketing dollar be spent?

Marketing analysts, then, use econometrics to estimate the relationship between one or more 
causal—sometimes referred to as explanatory or independent—variables and a dependent variable, 
the one being forecast. A typical dependent variable in marketing is sales, in terms of units or rev-
enue. Causal variables can include price promotions, advertising spend by media type—TV, 
Facebook, search advertising, and so on—and other media metrics, such as the numbers of expo-
sures/GRPs.

Econometrics is attractive to marketers because it offers the tantalizing prospect of being able 
to develop quantitative models of the underlying causal relationships from available data. 
Econometrics is also attractive because, given data, it will produce estimates of causal influences 
in the form of model parameters that have the appearance of being highly precise, and are therefore 
persuasive. An example of such a model parameter would be an advertising elasticity of demand of 
0.726, which is interpreted to mean that an increase in radio advertising spend of, say, 10% will 
increase sales by 7.26%.

While managers might not explicitly use econometric models for forecasting—for example, 
“with our change in marketing mix expenditures, we expect to sell 95,000 extra units in July”—
they certainly implicitly use them for forecasting when they take account of model parameters 
when making decisions or justifying business cases. For example, if an econometric model has an 
advertising elasticity of demand parameter of 0.726 for radio and of 1.271 for outdoor, shifting 
expenditure from radio to outdoor is an implicit acceptance of the model’s forecasts. Logically, any 
business decision to do A is an implicit forecast that it will turn out to be more profitable than doing 
B, C, or D. Indeed, shareholders might want to know why their managers are paying often large 
sums for econometric modeling (e.g., Neff, 2011) if they are not using forecasts from the models 
to increase profits. And in the world of “big data,” it might almost seem backward not to commis-
sion modeling work of apparently plentiful data.

Carefully designed experiments can provide the best estimates of the strength of causal relation-
ships, but they are perceived to be impractical due to cost, time requirements or organizational 
difficulty. Instead, analysts are given the task of learning about those relationships from an expen-
sive campaign after it has been run. Econometric analysis seems to offer a way to resolve compet-
ing theories about the relative contributions of different aspects of a campaign and the environment 
in which it was conducted. Unsurprisingly then, econometric modeling has become a popular tool 
for marketers to use to justify their marketing plans (McQuater, 2018; Moriarty & Joseph, 2013).

This article examines whether econometrics can be expected to provide useful forecasts for 
marketing managers for advertising and media decisions, and then describes alternative, evidence-
based methods. We acknowledge that some of the issues relating to econometric modeling have 
been raised before, for example, Ehrenberg, Barnard, and Sharp (2000).

Econometric modeling: problems with complexity

Despite the popularity of econometric modeling, there are serious concerns about whether the 
method is suitable for developing forecasting models for complex uncertain situations, especially 
in the absence of experimental data (Armstrong, Green, & Graefe, 2015). Markets are complex 
phenomena involving many independent decisions and interactions taking place over time. As a 
consequence, causal relationships between marketing decisions—such as advertising spend alloca-
tions across media—and their effects are obscured. For example, was the sales gain due to the new 
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advertising campaign, or the change in media mix, or the in-store display, or the price discounts? 
How much did each element in the marketing mix influence sales? And how much was due to 
retailer or competitors’ actions, or the weather?

Estimating the long-run relationships between ongoing major advertising spending alternatives 
and sales is particularly problematic because, for most brands, such spending will not have varied 
sufficiently or for long enough periods relative to other advertising spending. Moreover, any effects 
would likely be confounded by haphazard influences such as new products, price promotions, 
competitor actions, and economic conditions.

Frequent changes in variables—such as ad copy, ad length, and media schedules—can also 
present a problem for econometric modeling if, as is common, the data are aggregated. Ad copy 
varies in its ability to drive sales (Blair & Kuse, 2004; Lodish et al., 1995; Wood, 2009) and differ-
ent media schedules differ notably in whom they reach, when, and how often. Thus, an economet-
ric model estimated from aggregated data would be unlikely to provide valid forecasts for a specific 
ad and media schedule.

Developing an econometric model requires deciding which relationships are most impor-
tant, and the nature of those relationships. Such decisions should be based on established 
knowledge. However, a lack of firm evidence, and hence subjective assumptions, are common. 
For example, there is no solid evidence-base about how quickly the effects of ad exposure 
decay and how this varies across conditions. Studies show widely differing estimates of such 
decay (Broadbent, Spittler, & Lynch, 1997; Ephron & Broadbent, 1999). This means an ana-
lyst constructing a model has to make a subjective choice about which decay rate they choose. 
Another example is the idea of using a “multiplier” to estimate the long-term advertising 
effect—estimates of these multipliers vary hugely (Webb, 2013). Modelers may acknowledge 
these subjective assumptions upon which their models are built, but it is not clear how the 
marketing decision maker should use that information, other than to hope that they do indeed 
apply to the situation under consideration.

In sum, the assumption that developing realistic—and hence, predictively valid—econometric 
models for advertising and media decision-making is in practice is rather heroic. Since the phrase 
“Marketing Mix” was first used in 1949 (Borden, 1964), there has been an appreciation that the list 
of causal variables and conditions can be very long, and can be different for different situations. 
Econometrics can only attempt to model the relationships that are represented in the dataset. Rarely 
will it be the case that all variables that are important and all possible variations in the relationships 
between them will be included in the data that are available to marketing analysts.

Best fit is over-fitted
. . .econometrics is often viewed with nervousness and suspicion . . . [because] you can get multiple and 
even contradictory models from the same data set. (Louise Cook (2014), marketing mix modeler)

An under-appreciated fact of econometric modeling is that there will usually be several models that 
fit the available data to a similar extent using different coefficients (Lipovetsky, 2013). Analysts 
might reject models that violate prior knowledge or common sense—for example, a price rise 
causes sales to increase—and still have models to choose from. As a consequence, analysts have a 
great deal of freedom in choosing which results to present to marketing managers. In a discussion 
about the issue of reporting results with Sir David Spiegelhalter, President of the Royal Statistical 
Society, he replied, “yes, I am always slightly suspicious that people report the model with the 
coefficients they like best” (personal correspondence, 2015). To the manager, this practice should 
be very alarming—the final results may be highly influenced by the analyst’s subjective choices.
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An alternative approach is to pick the model that has the very best fit to the data available to the 
analyst. This is sometimes referred to as exploratory analysis. Statistical software packages make 
it easy for analysts to test (explore) many combinations of variables and variable transformations 
and to discover which model provides the best fit with the data. One approach to doing this that has 
been around since the early years of cheap computing, is stepwise regression. While the approach 
may seem sensible and a way to avoid a biased or arbitrary selection of a model, such a model can-
not be counted on to provide the most accurate forecast of sales under the conditions prevailing 
over the forecast horizon.

Any data set has characteristics that are unique to the time and situation they relate to. Software 
algorithms for econometric models will try to fit as best they can to variation in that data that 
include random variations and the effects of other, unobserved, variables that are not in the dataset. 
As a consequence, last year’s best fitting model is unlikely to be next year’s best fitting model. And 
it is next year that the marketing manager needs to plan for. If one is thinking that perhaps the best 
fitting model might be good enough for forecasting, consider the test of exploratory data analysis 
described by Armstrong (1970). He found that he was able to identify a model with eight variables 
and an impressive fit (R2 = 0.85) by following standard exploratory analysis procedures. The prob-
lem? The data were random numbers.

The more variables that are added to the model, the greater the certainty of discovering spurious 
relationships in random or irrelevant variations in the included variables; in other words, over-fit-
ting. On the other hand, if important variables are omitted, then the model is likely to be an over-
simplification. Econometrics does not have a solution to this “dammed if you do, dammed if you 
don’t” problem (Ehrenberg et al., 2000).

Modeling blips instead of long-run sales

Econometric modeling identifies any variable that happens to co-vary with the dependent variable 
(sales, for example) as having an important relationship (large elasticity or effect size) with it. The 
blindness of econometrics to the difference between correlation and causation need not be a prob-
lem if the analyst does not expose the software to variables that are not known, a priori, to have a 
causal relationship with sales. For example, modeling the effects of price promotions can be quite 
straightforward because a short-term drop in price causes a large and instant uplift in sales and, as 
soon as the price deal ends, the uplift ends. Including variables with non-causal correlations with 
sales, on the other hand, can only lead to nonsensical forecasts.

For most established brands, particularly large ones, this month’s sales figure has little to do 
with changes in marketing strategy this month, or in the preceding few months, or even years. 
Current sales are predominantly the result of marketing done over decades, such as by refreshing 
the brand memories of buyers who do not purchase in the category until long after their initial 
exposure. Given that most buyers in consumer packaged goods, for example, are very “light” or 
infrequent (J. Dawes & Trinh, 2017; Ehrenberg, 2000; Romaniuk & Sharp, 2016), the majority of 
consumers exposed to a brand’s advertising will not buy within a short time period after exposure. 
Modelers accept that fact by modeling variations from a baseline of sales. That approach, however, 
can lead to the dangerous conclusion that the factors that cause short-term variations in sales are 
the same as those that are responsible for the brand’s baseline sales. Moreover, if the brand owner 
sensibly uses a continuous advertising schedule, there will be little variation in ad spend, and there-
fore, it will be extremely difficult for a regression model to discern the short- or long-term sales 
effect of advertising.

As a consequence, even when the model variables are known to be causal, econometric mode-
ling can lead the brand owner into taking actions that harm the baseline level of sales (e.g., 



Kennedy et al. 615

Hickman, 2018). For example, suppose an analyst estimates a model that includes TV advertising, 
radio advertising, and social media advertising. The model coefficients indicate that social media 
advertising is the most cost-effective driver of incremental sales. The marketing manager con-
cludes that advertising spend should be shifted to social media and away from other media. That 
conclusion would be wrong, however, because TV and radio advertising are essential for support-
ing baseline sales due to their broad reach and ability to refresh brand memories, which matter 
most over the long term.

Modeling confused and coincidental covariance

Even if the analyst avoids variables that are not already known to influence sales (but of course, 
they may not know if they do or do not!), the blindness of econometrics to the difference between 
correlation and causation can be a problem when the analyst attempts to estimate a model using 
data that were collected during a period that involved several different overlapping marketing 
activities. For example, suppose that a 4-week TV burst has come to an end and, while its longer-
term after-effect plays out, a burst of print or outdoor advertising for the same brand is launched in 
conjunction with a social media campaign. Econometrics cannot properly disentangle the effects 
of the various activities and cannot therefore discern for how long or by how much the original 
campaign affected aggregate sales.

Furthermore, the problem with these simultaneously varying causal effects is compounded by 
the nature of the data that are available to marketing analysts. These are typically based on spend 
or rating points that do not identify which individuals have been exposed to which advertising. 
Some media are much better at hitting a broader audience that includes many light and non-brand 
buyers who will be critical for long-term brand growth (e.g., TV). Others only hit a select audience 
(e.g., loyalty program communications, or online ads targeted to those who recently searched for 
the brand or a competitor). There is a difference in the propensities of those audiences to buy the 
given brand that is unrelated to any advertising they receive (e.g., those who have searched for the 
brand or are in a loyalty program already have higher propensities to buy the brand).

Econometric modeling is further complicated for marketing analysts by differential exposures 
to advertising across media. For instance, most of those who are exposed to loyalty communica-
tions will also see a large TV campaign, but the reverse does not hold (Taylor et al., 2013). A con-
sequence of differential exposure is that while the coefficients of an econometric model estimated 
on available data might suggest that advertising in one medium is much more efficient than adver-
tising in other media, it may be that the apparently more efficient medium is already fully exploited 
in reaching, say, 0.1% of the market. In other words, spending more on that medium might have no 
effect on sales, even in the short run. Worse, a high estimate of the effect of spending in that 
medium may have arisen due to multicollinearity, rather than to any genuine causal relationship. 
Think again of social media, which is growing independently of advertisers spending: might it be 
that sales are increasing along with the increased volume of social chit-chat about products, rather 
than due to any marketing effort directed at social media. These arguments mean that an economet-
ric model could produce findings that completely mislead the marketing team.

If a brand owner wants to increase sales over the long term, they need to use media that allow 
broad reach, with continuity (Sharp, 2017). The reason is that marketing messages can only influ-
ence the people that they reach, and brand sales usually come from a very broad base of consumers 
who generally do not have distinguishing characteristics other than they buy the product category 
(e.g., Uncles, Kennedy, Nenycz-Thiel, Singh, & Kwok, 2012). Therefore, reaching large numbers 
of potential buyers is usually not optional. Second, buyers are thinly spread out in time. Many do 
not buy a typical product category from one month to another—for example, average 
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annual purchase rates for CPG categories are surprisingly small, for example, coffee—seven; 
toothpaste—six; and yogurt—11 occasions per year (J. Dawes, Meyer-Waarden, & Driesener, 
2015)—let alone less frequently bought products such as say, car tires or insurance policies. 
Therefore, continuity is needed to spread out advertising exposures to maximize the number of 
consumers who have at least one opportunity-to-see in any given time period (McDonald, 1997). 
In turn, this approach offers the advertiser the chance to link their brand in as many collective 
memories as possible, to be eventually activated when consumers eventually buy the category. By 
contrast, the emphasis on short-term sales response and Return on Investment (ROI) that econo-
metric models tend to encourage leads to advertising and media decisions that are likely to harm 
longer-term profitability (e.g., Moriarty & Joseph, 2013).

Conclusions on suitability of econometrics for marketing analysis

When academics and consultants use statistical techniques to fit a model to noisy and error-ridden 
data, they neglect the hard work of doing the science that is needed to properly estimate causal 
impacts. Even when important causal variables are identified a priori, econometrics cannot esti-
mate the relative strengths of advertising across various media in causal marketing mix models of 
aggregate sales, unless there are many data for all possible combinations of variable values. For 
practical marketing mix problems, then, econometric models are unlikely to sufficiently generalize 
that they will produce reliable forecasts of the effects of changes in spend.

In the absence of experimental data, where the values of causal variables can be controlled and 
varied such that sufficient data are generated to properly estimate the effects of individual variables 
(e.g., TV spend) and interactions between variables (e.g., TV spend and point-of-sale spend), there 
is little reason to think that estimated relationships will be valid, even for short-run econometric 
models.

One might claim the problems with econometrics for marketing analysis would not matter if the 
models were useful for forecasting. The evidence that we have is that they are not. Econometric 
models fail when used for prediction tasks relative to simpler alternatives (e.g., Armstrong, 2001a; 
Dana & Dawes, 2004; J. Dawes, 2004).

Coping with complexity: simple evidence-based alternatives to 
econometrics

I do not know of a complicated model in any area of science that performs well in explanation and 
prediction and have challenged many audiences to give me examples. So far, I have not heard about a 
single one. (Professor A. Zellner, founder of the Journal of Econometrics (García-Ferrer, 1998))

We contend that managers should stop relying on econometric analyses of aggregate sales data 
to allocate media spend. The data that underpin these studies does, however, often include 
important information that marketers need to use in their planning, and often these studies are 
the only times that the marketers acquire this information. Therefore, solid descriptions of this 
information are needed to understand the likes of seasonality in the category and fundamental 
patterns in buying (e.g., which brands and variants are popular, the relative incidence of light, 
medium and heavy buyers, and so on). Combining this descriptive knowledge with information 
about which media can reach and influence which parts of the buyer population, at what costs, 
is then critical.

To go further than the descriptive documentation of buying and media scenario number crunch-
ing, alternatives methods to consider are experiments, single source studies, and structured expert 
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judgment. Marketers would be well advised to draw on the lessons and approaches from forecast-
ing researchers. We now discuss these alternatives.

Run media and copy experiments

If managers want to know which media investments to make, they should implement spending 
experiments over the medium to long term. For example, to run experiments that systematically 
up-weight or down-weight total media spend and relative allocations over a periods of months to a 
year or more, across multiple markets. This time period is needed to identify how the chosen 
spending allocation affects the brand’s medium-term sales trajectory. Ideally, the business would 
set out to become an active learner, running multiple experiments over time, thus building what has 
been called a Many Sets of Data (MSoD) approach to build generalized, robust knowledge 
(Ehrenberg, 1990).

Of course, a marketplace cannot be controlled in the same manner as a scientist’s laboratory. 
However, if a sufficient number of experiments are conducted, and the major uncontrollable mar-
ketplace occurrences of each are noted, a good indication of how media allocations affect brand 
sales can be gleaned. The idea is certainly feasible—Ackoff and Emshoff (1975a, 1975b) did basic 
versions of such experiments for Anheuser as far back as the 1960s-1970s. With the advent of 
much digital media delivery (e.g., for television and other video, social and radio listening) facili-
tating better measurement, split-cable tests (for media and copy) should become a norm for mar-
keters who want to be evidence-based in their media decision-making. Indeed, there are books 
available on the subject of how practitioners can run split-sample advertising tests (e.g., Eisenberg, 
Quarto-vonTivadar, & Davis, 2009). It is also the case that media and copy experiments can be run 
within a given country-market, in different geographies. This would allow for a much quicker “test 
and learn” regime with different media weights or copy run simultaneously. Such experimentation 
would allow for short and longer-term effects to be revealed.

Invest in individual level cross media single-source data

Advances are being made in the collection and analysis of single source data—matching ad expo-
sures to individual-level purchase records (e.g., Poltrack, Doud, & Wood, 2014). Single-source is 
arguably most appropriate for consumer goods, where it is more likely that an adequately large 
number of consumers (with ad exposure tracking) will purchase in a time period such as a month 
within advertising exposure.

Single source studies can identify short-term advertising effects at the individual level even if 
there is no aggregate level effect on brand sales due to competitor actions. Documentation of the 
approach and its challenges is provided by Taylor et al. (2013). Despite single-source data being 
complex and expensive, it yields knowledge that typical econometric studies cannot. We encour-
age marketers to lobby large research providers to invest more into single-source consumer panels. 
There are many consumer panels run in dozens of countries, but what is needed is to recruit subsets 
of these panels with media recording devices so that ad exposure and purchasing behavior can be 
matched.

Develop and test a structured judgment approach

Managers already know a lot about the effects that changes in the marketing mix are likely to have, 
from accumulated experience. Moreover, much of this knowledge is difficult or impossible to 
include in econometric models. Indeed, it is likely that even where the econometrics models 
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attempt to include the relationships that managers know are important, those relationships will be 
badly estimated due to the non-experimental nature of the data available. So rather than using 
econometrics, we can use managerial knowledge in a structured way to aid forecasting. It is impor-
tant it is structured, as unaided judgments are typically unreliable. For a recent advertising example 
that demonstrates how poor marketers are at using their unaided judgments to make advertising 
decisions, see Hartnett, Kennedy, Sharp, and Greenacre (2016).

Research on forecasting has identified a useful method for capturing management knowledge 
about causal relationships. It is known in the forecasting literature as “judgmental bootstrapping.” 
Armstrong (2001b) reviewed the evidence on this method, and found that it almost always improved 
forecast accuracy and usually substantially compared to experts’ unaided judgments. For example, 
Ashton and Stacey (1995) found reductions in average and maximum errors for forecasts of adver-
tising sales in Time magazine.

The method has been around since at least 1917 when it was applied to predicting corn yield from 
spring inspection of crops, but has been surprisingly underused. The term judgmental bootstrapping 
was coined by R. M. Dawes (1971) when he reviewed the research to suggest that forecasters could 
metaphorically pull themselves up by their own bootstraps. The idea behind the method is to esti-
mate a model of an expert’s forecasting process. It turns out that forecasts from bootstrap models are 
more accurate than forecasts from the experts when they use their unaided judgment.

As a concept, the process of estimating judgmental bootstrap models is simple. In the case of 
brand sales, one would ask experts to make forecasts of sales for many different media mix com-
binations. Then, estimate an equation that relates the forecasts to the causal variables including 
spend in each media, used by the experts.

The first step is to prepare a comprehensive set of media mix proposals encompassing all plau-
sible combinations of media and other important variables—including expected economic condi-
tions—that experts believe affect sales. Second, ask five or more experts with diverse but relevant 
knowledge to forecast the change in brand sales for each of the proposals. Third, develop a model 
by estimating the relationships between the experts’ brand sales forecasts and the variables that 
they used to make their forecasts. For example, imagine a team of six experts asked to evaluate 20 
proposals. The proposals incorporate four media, each with five spending levels: TV, radio, print, 
online/search. The experts use their knowledge to predict the resultant brand sales for the quarter 
and for the coming year. The end result is that the process reveals, in the form of model parameters 
or coefficients, the experts’ beliefs about the relative effects of changes in media spend and other 
variables. The model can then be used to forecast the effect of new media mix proposals. 
Importantly, the predictions and outcomes can be compared after a period of time. Furthermore, 
since the process and all variables are fully known and transparent, managers can learn and refine 
their knowledge from further iterations of this technique.

This idea sounds so simple that one could be forgiven for thinking it could not possibly work for 
purposes such as allocating spending across media for a brand. However, what this approach does 
is effectively capture the accumulated domain knowledge of experts in a structured way. There are 
certainly examples of how structured expert judgment has been successfully employed, in fields 
such as tourism demand forecasting (Croce & Wöber, 2011). Therefore, judgemental bootstrap-
ping—or put another way, structured expert judgment—offers a real alternative upon which sound 
media spending decisions can be made.

Summary and recommendations

While econometric modeling is commonly used, its use is unlikely to help managers make better 
decisions in complex situations involving more than a handful of important variables. We contend 
it is of limited use in allocating media investment in today’s complex media environment; given 
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also the many and varied tactics of advertising. Econometrics tends to produce results that depend 
on a specific dataset that is unlikely to generalize to the future or to other market contexts. A num-
ber of alternatives are proposed: experiments, single-source, and a structured method for capturing 
expert knowledge, called judgemental bootstrapping. While one of these approaches, single-
source, is more likely to be available to larger firms in frequently bought categories, experiments 
and judgemental bootstrapping are realistic tools for small to medium-sized brands.

We suggest that the transparent and readily understandable nature of the judgmental bootstrap-
ping method and its close relationship to current practice make it an attractive replacement for the 
use of expensive econometric modeling exercises. We encourage marketers and brand managers to 
volunteer to adopt this approach, and to report their experiences in the public domain.

We also recommend validation tests against in-market results compared to current practice. 
This might involve asking the econometric modelers and the managers that use the modelers’ 
outputs to make sales predictions for each media allocation decision. The accuracy of these fore-
casts could then be compared with those from judgmental bootstrap models and/or the index 
method that had been independently estimated and withheld from the econometricians and man-
agers. We encourage comparisons with single source data/analysis and experimentation to con-
tinue to improve knowledge on the effects of media mix on brand sales. There is much research 
still to be done to determine how best to measure advertising and media and to improve marketing 
decision-making, which has been highlighted as the next big research frontier (Wierenga, 2011).
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