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in this paper, we summarize a conceptual framework that describes the possible effects adver-
tising can have on such marketing melrics as awareness, image, consideration, and brand
choice. We show that these effects can be measured with the right marketing research data and
the appropriate analytical tools. We outline the industry standard — regression coupled with the
ad-stock approach. This approach makes assumptions that can be incorrect and lead to a con-
voluted way of analysing the data. As alternatives to the ad-stock approach, we propose three
economelric time-series models that require fewer assumptions — the geometric fag model, the
error-correction model, and the polynomial distributed lag model. We compare these models
and recommend a modeling strategy. based on the relative strengths and weaknesses of the

various approaches.

Introduction

ﬁhhuug}l companies often 5P:nd more on advcrtising
than they make i their net after-tax profits, they do not
know whether these mvestments pay off. A look at the
literature reveals our incomplete knowledge about what
ndvcrti.iing 11:.'1"}? does in the |1mrkctp]a::r, aith{:ugh s0mne
c{:mpanius, such as Mulward Brown, have extensive
knowledge about how advertising works, especially in the
markets where their chients operate.

Without kn{m’ing what the return 1s on advcrl.i.'sing
expenditures, it 1s difficult for a company to appropriate-
ly allocate budger dollars to 1. Given the size of the
advertising business and the fact that many companies
drastically scaled back thewr expenditures in 2001, the
industry must be able to demonstrate the results of
advertsing expenditures, both qualitanvely and quantita-
tvely. Once this is accomplished, one can determine
WI'II'.".]"I.CI' A -EE'.I]“F.'"'I}’ or I:lri'!.n.fl iS ﬂV{‘T‘SPE“dng 0or undcr-
5|:rr:l1di.ng and whether media allocations are ﬁ.tﬂ}' fcvcrag-
ing the adverusing budger.

In this paper we discuss possible advertising effects, specif-
ic marketing rescarch data requirements, and a variety of

eonometric time-series models that can be used to identify
potent tal advert 1SIngT effects. We compare these economet-
ric aPPmﬂJ:ccs with the current industry standard: standard
regression coupled with the ad-stock appmach. We demon-
strate that the more advanced econometne time-series mod-
els can give additional insights into the effects of advertis-
ing. We tllustrate how we can determine the efficiency of
advertising expenditures, using a hypothetical example
based on empurical analyses we have done in vamous cate-
gories. We also show how this same information can be
used to improve tactical and strategic decisions.

Possible advertising effects
Understanding  how adverusing affects  consumers
mvolves an Llndcrﬁlanding of:

* how advertising leads to brand awareness, brand image,
brand consideration, brand choice, and sales;

* if and how the effects of m‘h'crriﬁing are .‘ir-lﬂ:'ﬂd OuL over
time;

* how efticient different media (e, TV vs. print adver-
tising ) are and how their interaction may lead to synergy
effects; and

* the role and irnPact of cm‘np(‘titiﬂ‘ adverlising.

Based on a literature review of over 250 journal articles and

books, Vakratsas and Ambler (1999} proposed a basic
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process by which advertusing leads to brand choice and
sales. Qur framework (Exhibat 1) s simalar to that of theirs,
but we use awareness instead of cognition; image and brand
positionng (which contains both affective and cognitive
elements; see Vrens & ter Hodstede 2000 mstead of
aftect; and brand choice wstead of consumer behaviour,

Exhibit |
Possible advertising effects:
The basic process

|

Brand Awareness l

Brand Consideration

[Liking)

ﬁ.dvcrtising dollars are spent Lo generate sptciﬁc adver-

using messages, PR copy, or promotional activities. For
example, for a manufacturer of desktop PUs we might
distinguish between spending on television advertusing,
radio adw:rtisi.ngi newspaper advertising, and wvertical
trade adverlising. Al thas activity reaches some con-
sumners at some point, and they will or will not pay atten-
tion and process these messages. This then may lead to a
number of advertising effects. Three types of effects are
possible: cognitive, affective, and behavioural. Examples
of effects are brand awareness (cognitive), brand posi-
woning (cognitive, affective), consideration or liking
(affective), and brand choice (behavioural ). The extent to
which consumers who are exposed to advertising will go
through these stages depends on their ability and motava-
tion to process the information and messages offered o
them (Petty, er al 1985). Awareness 1s a necessary condi-
vion for advertising effectiveness. For example, when con-
sumers who are unfamiliar with a product category have
[{8] f]'lﬂ]‘l.'].‘;f' I.)E"WE‘E‘“I H | W{'"-kl]ﬂ“"ﬂ hmm‘E :'IIH.‘] Al ltlflknl'l“"ﬂ
I.}l'ﬂ]'ld. [E'If'"].' A Imore Elkft}' [ (%] {]'I.Hl.'.l.‘i-L‘ ll'll: \-'I-"-I.""-kﬂl'l'n-'l."ﬂ
brand [Hn}f{‘r & Brown 199{}}. Whether behaviour such
as brand choice and pl.:rch:lsing 15 pn'ccdfd b}' brand
positioning and brand consideration dtpends on the con-
text. For example, in a low-involvement, low-risk catego-
ry, it 15 not uncommon for purchase to precede any affec-

tive response. In situations where mnvolvement and risk
are higher, brand differentiation and consideration pre-
cede purchasc. le s bc}.'und the scope of this artcle to
diSCuS.‘i ht:rw I.I'.IC conbext can af-ﬂ‘cl. lI]C ﬁrd:.‘r GF t!’lL‘ Vﬂri—

ous effects. We refer to the artcle of Vakratsas and
Ambler -iI"J"Jrr}} for additional details.

How advertising affects consumers may also depend on
whether the impact of adverusing on the various metries
{f,g.. awareness, consideration, pur(haxfj 1% sprmd ol
over time. Different media have a different short-term
effecr: therefore, 1t may be pnssiblt that tEu‘.}' will have
different lnng-trrm effects (l)n}'lc & Saunders 1990
Berkowitz, et al 2001 Advertising researchers generally
assume that a specific advertisement that appears this
week will have an effect not nn]}' this week but also next
week, and its effect will gradually decrease over the fol-
|nwing weeks, For ex..’unp!c. Buzzell and Baker I:I'%}?Zj
cited one case of an advcrlising budgcl bcing cut b}f
40%: sales were not affected 1n the birst month afrer the
cut, but decreased durning the second and third month
after it. At Millward Brown, we have observed that our
standard measure of ad awareness decays at 10% a week.
Image and brand posiiomng (reposiioning ) effects may
take longer to change as a result of an advertising cam-

Faign than d‘langcs n bl’ﬂl’ld AWArEness or 53].[‘5.

Ti.mt-dc|a:,ftd effects of advtrlising. O catry-over ettects,
may vary m type and duration across brands and product
categories. Several types of ume-delayed effects are pos-
sible. The effect of adverusing can increase imtially and
then flatten out before it starts gradually decreasing. Or
the ad can have its biggest impact shortly after it comes
out and then inmediately decrease in impact. The dura-
tion, defined as the period in which the ad has some
effect, and the total effect (summed up across time peri-
ods) can vary widely. It some cases the long-term effect
of advertising can dramatically outweigh its short-term
effect. In one case, Millward Brown identified a long-
term ;1d1':;‘rri:-;ing effect that dominated the short-term
cffect 1}}-‘ nine o one. 'I':lliing the ]nng-trrm effects of
adwvert ISINg HILO account can make the difference between
h.wing a positive return on advcrliﬁing investment and
not. 1 he question we need to answer 1s: What 15 the time
span across which advcrlising warks and how cxacll}f is s
effect spread our over time? The answer 15 bound to be
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context spectfic, depending on such factors as how well
known the brand is and the effectiveness of the ad.
Answering this question has impchLi(ms for when and
how much to advertise.

How advertising affects consumers also mvolves the role
of media, Different media, such as television, radio, and
LIS, are used and consumed :11['&“1'(“1"];-. | herefone,
not only may they have a different overall impact, but also
it 1s Iikely that their effects over nme differ. For example,
the mmpact of a television ad may be large n the period
n which ww appears but may quuckly fade over the subse-
quent periods; whereas a magazine ad may have a lower
mitial impact, but show a sustamed impact over a num-
ber of periods because the magazine can be read over
time, picked up again, and used by other people.

Competitor advertising spending affects consumers, too.
If the advertising spending of any direct competitor
increases or decreases significantly in relation to a firm’s
own advertising, this may substantally alter 1ts effective-
ness. Aaker and Carman (1982) cite an example nvolv-
mg two brands. The adverusing of brand I had a posi-
tive effect on 1ts own sales but had no effect on the sales
of brand 2. The advertsing of the brand 2 had a nega-
uwve significant effect on the sales of brand I but had no
posttive effect on its own sales,

Marketing research data requirements

There has been much empirical modeling relating adver-
tising expenditures to sales. It is beyond the scope of this
paper to review previous studies. To study the full scope
and tmpact of advertising expenditures we need data not
only on sales (or some other behavioral measure) but we
also need data on awareness, imagc and consideration, We
use the Millward Brown IntelliQuest IntelliTrack data-
base. We collected data on a number of technology prod-
ucts over the past 10 years on an on-going daily basis and
reported monthly. We conducted about 500 interviews a
month on a continuous basis  with Technology
Influencers om: brand awareness; perception on brand
imagery attributes; brand consideration; and  brand
choice.

For our aual}rses. we used a data set that covered a periud
of three years, yielding 36 data points. We had five

brands within a technology category. In addition, we
analysed data from numerous proprietary studies that are
stmtlar in format in fasr—mm'ing consumer goods cate-
g‘.}ril‘:‘: (f.g., ."i-(.'.l‘l..l'F.l,, ’:Urﬁ:f:l ﬂnd ﬁnﬂﬂf'i.ﬂl SCervices. Tl'l.l_'
structure of thus type of wracking data 15 shown
Fxhabar 2. The bottom part shows how we roll this data
lr'IT F-ﬁ'll' d?.'“.'"“lt' II'.IlK‘il"J’l'l'lE"__. ]:Tﬂ-l“ A |]1'i]'ll ]"'J:I"I W, W ."Iihﬂ
I'i..'!"."’.L .'i‘l'.'lll.!l.'ljl'.'L .itl'l'{'l'll?\ll'ig {‘.'\'['M"l'l".'.l.l“"'{"?- F-l.:ll' [-l.'l‘i"' 11'“‘{'[[.;!'.
TV, verucal trade, magazines, and newspapers. For each
llf- t]'l(.‘ ﬁ.l'c IJrﬂl]'I:I.‘i-., wie (}btﬂir][‘d |'.|'.I('.If'||.|'.||:|.' ﬂd\'fl'tiﬁi]lg
expenditure data (in some cases we have actual dollar
amounts, n other cases we have monthly GRP data).
Exhibit 2 shows awareness, consideration and brand
choice expressed as percentage aware, percentage brand
consideration, and percentage purchasing a brand.

Time series models

Exhibic 1 shows conceptually the process of how adver-
l.i_'sing works:

I. Brand awareness is a funciion of advertising expendr-
Lures.

2. Image 1s a function of advertising expenditures and
brand awareness.

3. Brand consideration 15 a funcuion of adverusing
expenditures, brand awareness, and brand image.

4. Brand choice 1s a function of advertising expenditures,
brand awareness, brand unage, and brand consideration.

In addition to this basic structure, the model has a tme
component. Advertising at a given time pertod t can have
an effect in that same tme penod t, plus potenually an
effect in time periods t+1, t+2, and so on. This leads 1o
the fn-]lcrwing basic equations:

Brand - Awareness = F(Expenditures, )

Brand - image = flExpenditures, , Awareness, )

Brand - Consideration = f{Expenditures, . Awareness, Image, )

Brand - Choice = f{Expenditures , Awareness, Image,  Consideration, )

The first equation states that brand awareness 1s a function
of advcrrising e'xpenditums {[_::I. The suhscriPl: L refers to
the fact that an exptnditure at a certain time pcri-:-d. let’s
say month I, can have an i.mpact UpOT AWITETess in that
same month I, but may also have some impact upon
awareness in months 2, 3, and so on. The second equation

states that brand image is a function of advertising expen-
ditures (E) and brand awareness (A). The L again refers to
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Exhibit 2
Organizing data for dynamic modeling
Original data at the individual respondent level
unaided unaided
awareness awareness consider consider purchase purchase
Month | for brand x for brand y brand x brand y brand x brand y
Respondent
i | 0 0 0 0 0
2 0 | ! 0 0 0
3 0 | | 0 0 0
100 | 0 0 0 I 0
Roll-up: 40% 20% 20% 10% 20% 15%
Month 2
Respondent
101 | 0 0 0 0 0
102 ] 0 0 0 0 0
103 ] 0 ] 0 1 0
200 I 0 | | | 0
Roll-up: 34% 22% 22% 9% 22% 28%
Transformed data: Individual data are aggregated to the brand and market level
unaided unaided
awareness awareness consider consider purchase purchase
for brand x for brand y brand x brand y brand x brand y
Meonth | 40% 20% 20% | 6% 20% 5%
Month 2 I4% 22% 2% 9% 22% 28%
Month 3 8% 42% 1 8% 23% 21% 1%
Month 36 27.00% 44.00% 11.00% 22.00% 20.00% 9.00%

the fact that effects may spread out over time. The theed
equation states that brand consideration (ie, not pur-
chase) 15 a function of advertismg expenditures, brand
awareness, and brand image. The fourth equanon states
that brand choice 1s a function of ndwrtixing fxpendilurce-'..
brand awareness, brand 1mage, and brand consideration,

with L agamn dmming the time component.

A kt‘}' t‘l:‘lm‘ﬂt {Jf tllis nmdtI 15 t]‘iat ti‘u: mr.'1| eftect of
ndvertising cxpcndimrts 15 a sum of both ws direct and
indirect effects at the various time periods. For example,

adt*er!ieiing will have a direct effect on brand choice and,
through impacting awareness and brand consideration,
will have an mdirect effect upon brand choice. We also
note that advertising expenditures can be defined in the
model i several ways: we can take the absolute rxpcndi-
ture for each firm o the equations, the firm’s expenditure
relatve to the category expenditure, the firm's expendi-
ture relatve to the closest competitor, and so on. We can
extend the model by allowing the effects to be brand spe-
cific and/or to allow different media to have different
ﬁilﬂrr— ﬂﬂd Iﬂng*tfrm 'E'H-Cfls.
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In estimating the relationships that are represented m the
general equations, we note two considerations. First, we
must consider whether to model the system simultane-
ously or model cach equanion sq‘pnral:l}n The four com-
ponents of our model show that is amounts to a recur-
ﬁi‘p’{' .‘i}"ﬂ[l:"l'l"l: [I'I["I'l.'_" Are no {“[_'I'l.lﬂ”ﬂﬂ.‘; “"I']I:.‘[E‘ \'ﬂrl‘ﬂlﬂfﬁ a|‘r|‘ll.‘.11‘
both on the lefr side and at the nght side at the same
time, Otherwise, we '..1'(111](‘] |1.I:'|.'l." a .\:Ilmlll.'llll.‘ullh LSHIRRIR I
model and need cnrl'csr.n[mding parameter estumation
routines. [t 1s well known that neglecting simultaneity, if
there 1s any, leads to mappropriate parameter estimates.
Second, we need to know how to idenufy the pnl{'ntiﬂ
time-distrnibuted or long-term effects. Modeling alterna-
tives range from “relatvely simple models with fauly
strong  assumptions about what advertising does” 1o
“more complicated models where I can relax some of the
strong assumptions’ . We discuss the alternatives below.

The data as shown in Exhibit 2 can be analysed i a num-
ber of ways. Practitioners often use simple regression;
however, this will not allow one to understand the time-
distributed nature of adveruising effects and may, because
of the presence of seral correlation, lead to buased para-
meters (Kyle 1978). A second class of approaches aums
at explicitly understanding the time-distributed nature of
advertising effects. Time-distributed effects are called lag
structures, Approaches that can be used here include:

* simple regression with ad-stock modeling (ASM);

* the geometric lag, or Koyck model (GLM);

* the error correction model (ECM); and

* polynomial distributed lag modeling (PDLM).
Ad-stock modeling (ASM)

ASM involves three steps. First, ad-stocks have to be calcu-
lated. In Exhibit 3, we show an example of the concept of
ad-stock. We assume that im Week 1, a company spends 100
GRP If we assume a retention rate of 90% (upper half of
the exhibit), this implies that in Week 2, we still have 90%
of the ongmal 100 GRE being 90 GRP "m stock™. In
Week 3, we have 81 GRP (90% of 90 GRP), and so on.
In a five-week period, Weeks 2, 3, 4, and 5 all would accu-
mulate some ad-stock. We end up with GRP numbers that
are a combination of the actual GRP spend during a par-
ticular week, plus the ad-stocked amounts: the result being
the number in the last column. Second, the regression equa-
tion has to be estimated. Usually, weekly sales are related to

wq:vkl-r.,- ad-stocked GHIPs. 1o avond |!1|:i.*‘..|h|:ctﬁc..‘|tim'l, the
regression equation may also mclude weekly distnbution
numbers, pricing variables, and promotional varables. From
this regression equation, we obtain a coefthicient for “adver-
using”. Let's say that the coefficient 15 5 (and stansucally
significant ). This means that for each ad-stock GRE, our
sales increase by 5 units. Hence our total campaign s 1215
PO T90+ 27 344+ 310 GREPs. us resulied w 6U75
(5%1215) sales units. However, the actual amount of
GlPs was 400; hence, the :Ldvcrti_'iing eflectiveness s 5.2
(6075/400) sales units per real GRP Thard, steps I and 2
are replicated for different retention rates, It 1s common to
estimate several ICEICSSION equat 1ORS USINgG different reten-
tion rates, eg. 60%, 70%, 802, 90%, and then 91%.
92%....,99%. Based on fit of the model and a qualitatve
assessment of how reasonable and logically the results look
a decision 15 made for the best-fitting retention or decay

rate.
Exhibit 3
An example of ad-stock calculations

Actual Adstock  Adstock Adstock Adstock Adsteck  Total
Weeks GRPs  Week | Week 2 Weekd Week 4 Wook 5 GRPs
Week | 100 0 o 0 0 0 100
Week 2 100 %0 0 0 0 o 190
Week 3 100 8l 90 0 0 0 27
Week 4 100 729 8i 90 0 0 3439
Week5 0 6561 719 8! %0 0 30951

The model assumes that the effects of advertising decays
over time. The analyst does not know the real decay rate
and, therefore, in practical situations, has to assume a
number of different decay rates, compute the corre-
sponding regression equation, and assess their fit. The
ad-stock approach has a number of disadvantages.

* Assuming a decay rate for advertising is speculative.

* This approach is cumbersome from a practical per-
spective, If data are available on several media and for
several competitors, this approach wwolves a convoluted
way [0 assess advertiﬁing ffﬁctfncy.

* Sometimes the effect of the advertising increases over
two or three pertods before it starts decaying, This would

not be picked up by the ad-stock approach.

Further details about the ad-stock approach can be found
in Broadbent (1997 and Breadbent and Fry (1995).
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Geometric lag model (GLM)
The GLM (Koyck 1954) does not assume a specific
decay pattern but assumes that advertising has a maxi-
mum contemporancous effect fading away at a regular
(exponential) rate. The GLM assumes that the influence
of X t — s declines proportionally (geometnically) over
time, where s 1s the length of the lag. The general formula

1s shown mn the cf.luali:m below,
(1) ¥V =a+ X, +AX  +A'X +.0+8

Where Y 1s the dependent vanable, for example sales, and
where the Xs represent advertising expenditures in van-
ous [ime Periﬂds. To understand A, for cxampIc. consid-
er A = .50. The equation above then becomes:

Y =c+ (X, +05X  +0.25X, .+ )+¢g

(2)

This model has infinite indepcndent variables; to correct

for this, take:
3 AY  =Ao+ BAX s AN+ AKX, 4 ke
r=1 (8} [ ¥ I [

Subtracting equation (3) from (1)

(4)

[F S ARET B T (TN TS SR S S GRS T SRR B R o SR CR e T

The common terms cancel, and the last lag on Xt — 5
approaches zero. Rearranging this equation gives:

(5) ¥ =(a-Aa)+ BX, + A¥_, +(£, ~ Az, )
This 15 the cqualiun that needs to be estmarted.

Compared to the ad-stock approach, the GLM 15 more
flexible because 1t does not immediately assume the rate
of decay. However, its assumpuion of a monotonic rate of
decay may not be realistic in all sitvations. Statistical
analysis (e, testing ) of the model 1s somewhat cumber-

some (ranses 2.{]'[}2:}.

Error correction model (ECM)
ECMs are p-upu]ar for trying to capture {cspcdaﬂ}r} Iung-
term d];namics.'l‘he ECM equation includes one or more
error correction terms that mathematically adjust o

account for a long-term equilibrium. That 1s, it implies the
existence of some adjustment process that prevents the
errors from continually mcreasing: “The error correction
model integrates the long-run equilibnum analysis and
short-run d:-,rna.mic adj;usuncnl b}r i.nclucli.ng in the shore-
term dynarmic model a measure of how much our of equi-
hibrim or target the vanables are in the last period. It relates
changes m Y, YA , to last period’s ernc‘.nr."r'*I =Y, o where

Y* denotes a target or equilibrium value”

As a simple example (derived from Kennedy [998:267),
consider the relavionshap:

(6) Y, =k Box, +PaX,, + B, Y, vE,

Assume that Y is some dependent variable (sales) and the
Xs represent advertising expenditures. The y and x are
measured i logarithms and theory suggests in the long
run T.hc].r grow at a constant rate, that s, y = Yx 15 assurned
constant. We can write this as:

(7) Tle ot .:'IIll[}‘::_}‘::-I:I * TE{YI-!_TKI-I} +E

The 7y parameters are functions of the ¢, and B parame-
ters in (6. This 1s the ECM equation with the last term
the error correction that is assumed to reflect disequilib-
rum responses and that ¥,AX, 15 assumed to reflect
short-run responses. Thus, if Y grows oo fast, the error
correction term increases and since the coefficient 1s neg-

ative, (B, < 1) AY 15 reduced, correcting this error.

An advantage of ECM s 1ts simplicity of nterpretation
and ease of estimation. Furthermore, it can easily be
extended to muluple equations.

Polynomial distributed lag model! (PDLM)

The PDLM estimates the duration of the varous effects.
[t allows us to estimate the size of cach of the effects at
each subsequent period. That is, the model estimates how
long advertising effects last as well as what 1ts impact is in
each Ewrmd. PDELM assumes that the lag wrighl.r- can be
EPE‘EiEE‘d h}" a continuous f_llnlfl i{'.lﬂ.r ﬂE)Pﬂ!xil]mLfd b}r’ b |
polynomial of appropriate degree. (The degree of the
polynomial should be less than the number of terms in the
distributed |.'1g minus one, or there will be no decrease in

the number of lag-estimated coefhicients. Also, the number
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of observations must be at least the degree of the polyno-
mial.} That 15, the data define the specification.

A PDLM needs to have the degree of the polynomal
specified and the length of the lag. That is, assume:

Yoo+ fiw X, 4w X, 4. 40w X

I+ E,

where w are the weights and x are the lags. For example,
suppose the degree of the polynomial 1s 4. To make each
of the wcighr.s. w lie ﬂ|{mg a ﬂ)urth—dcgrcc pul}'nmniaL
the specification is  w, =k, + A+ A" 0,07 40

where ¢ goes from O to m. The polynomial lag model 1s

lIlCI’I:

(8) Y=o+ BlAx +(A, 44 + 4, + 4, + 40X+
(A + A2+ 4,27 + A,2' + A, 2M)X 1+
(Ay + A3+ 4,37 + 4,37+ 43X, +
(A, + A4+ 2,47 + 4.4 + 4,49)X _)+¢,

The output of this model will have an estmated coeffi-
cient for each lag for each degree of the polynomial. The
advantage of PDLM is that the data allow the estimated
coethicients for the degree of the polynomial and the
lengths of the lags. Typically a very small value of each 1s
necessary. The model can be estimated with OLS and
only those polynomial degrees and lag lengths that are
significant need be kept in the model. The disadvantage
of PDLM is its complexity, especially if more than one
independent variable is estimated via PDLM.

Exhibit 4 shows the hypothetical results of the recursive
equations above with a PDLM specification. Although
the specific numbers are hypothetical, they are based on
several dynamic analyses that we have performed in both
fasl:—mcving consumer goods industries and technology
(business-to-business) industries. Advertising expendi-
tures arc measured in GRE In the example, we have sig-
nificant advertising effects in three or four periods (ie.,
months or weeks). The first effect occurs in the period
where the advertising has appeared. We call this period
L There are three subsequent periods. These are LI' L 5

and L. So, if the unit of measurement were at the
munﬂ1:|evel, then Lu would be the month mn which the
advertisement first appeared, L, would be the first month
after the advertisement first appeared, and so on.

Exhibit 4
Hypothetical Results of a Dynamic
Advertising Effects Model

Type of Effect Coeflicient

The Brand Awareness Equation:

Ly Effece of GRP on brand swareness in period where advertising appears 00518
Lj: Effece of GRP on brand awareness in the second ume period G5 s
Ly: Effect of GRP on brand awareness n the third e period 0.0509

The Brand Conzideration Equations
Equation |: Effect of GRP on Brand Consideration
Ly Efect of GRP on brand consideration i pericd where advertising appears 0.0009

Ly: Effect of GRP on brand consideration in the second tme period 0.0054
Ly: Effect of GRP on brand consideration in the third tme period 0.0149
Ly: Effect of GRF an brand conslderation in the fourth tme period a.o1o

Equation 1: Effect of Unaided Brand Awareness on Brand Consideration

Ly Efect of wnabded brand awareness on brand consideration in period 0.000
whers advertizing appears

Ly: Effect of unaided brand awareness on brand considoration in the 0.2903
second time period

Ly: Effect of wnakded brand awareness on brand consideration in the 03677
third time period

Ly Effect of unaided n brand awareness on brand consideration in 0.23%1

the fowrth time pericd

The Brand Choice Equations
qu.llﬂnﬂ I: Effect of GRP on Brand Consideration
L Effect of GRP on brand consideration in period where sdvertising appears 0,000

Ly Effect of GRP on brand consideration in the second time period 0.09T0

Ly Effect of GRF on brand consideration in the third ume period 0.0747

Ly Effect of GRF on brand consideration in the fourth time period 0.0312

Equation 1: Effect of Unaided Awareness on Brand Choice

Ly Effect of unakded brand avareness on brand cholce in pericd 0.000
where advertising appears

Lj: Effect of unaided brand awareness on brand choice in the §ERIT
wecond tme period

Ly: Effect of unaided brand swareness on brand consideration in 12051
the third time pericd

Ly: Effect of vnaided brand awareness on brand consideration in 0.5566
the fowrth tme periodly

Equation 3: Effect of Brand Consideration on Brand Cholce

Lgy: Effect of brand comsideration on brand choice in period 0,000

witiere advertisimg appears
Ly: Efiwct of brand consideration on brand choice in the second dme peried  1.0247

Ly: Effect of brand consideration on brand choice in the third time period | 4596
I._'l: Effect of brand consideration on brand chokce in the fourth time period 1 2967

Exhibit 4 shows some very iteresting results (assume we
have jointly estimated the three equations):

. The direct effect of ndvcrtising rxpcnditurc on brand
awareness in the perind thar the ndvcrtising apptar-:d 15
0.518 (10X0.0518). These coefficients can be interpret-
ed as elasticities, If we increase advertising expenditures
with 10%, brand awareness would increase 0.518% as a
result of advertising in that period. In Period 2, this
effect 1s 0.0515, and in Period 3 it is 0.0509.
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2. The second equation is more complicated. The direct
effect of advertising expenditure on brand consideration
in the period when the advertising appeared 15 0.009. For
the total direct effect of advertusing expenditures on
brand consideration, we add all the lagged effects:
0.009+0.0054+0.0149+0.0101. Note thar ﬂdvrr[ising
also indireetly affeets brand  consideration, mainly
rllmug]'t brand awareness. The total effect of GRI* on
awareness 15 1.542,

Hence, PIDLM does not assume that m.fvcrtixing has a
maxumnum contemporaneous effect. The PDLM is able to
identify a sitwation where the inital effect 15 low, then
increases and reaches a peak before it decays. The PDLM
has two advantages over the previous two models. First,
PDLM can estimate the duravon of the advertsing
effects, the number of tme periods in which there 1s a
significant advertising effect. Second, PDLM can esti-
mate the Shapc that these tme-distribured effects take, so
we do not have to assume a priori that effects will always
decrease over time. A PDLM can identify a pattern where
the mutial effect 15 small, then increases, and after reach-
i.lig 15 pf:.lk grnduaﬂ}' decreases.

Constder this example. If there are four kinds of adverus-
ing media ( TV, magazines, vertical trade, and newspaper),
they would likely have a different time-distributed impact
on purchase. These differences are critical to managers.
Exhibic 5 shows graphically the lag structures of different
vehicles. For example, the effect of TV advertising lasts for
only two periods, but its impact 15 very strong in these two
periods. On the other hand, the impact of magazine adver-

Exhibit 5
Example of the Impact of Advertising
over Time
Effects of
Advertising
—T
weoles NEWS
A - d LAGE
ot B Y TROE
e ! gy
& _-" Al
-
. R |
n Tt a
1 2 3 4
Time Perlods

tising lasts for four periods with a very small impact in the
first pertod but a larger impact in the second period and a
smaller umpact i the third period and an even smaller
umpact in the fourth period unul the effect 15 zero.
MNewspapers have a strong impact in the first period but s
effects fade very quickly.

Modeling in practice

How should we model i pracuce? First, we need to
understand the trade-offs across the modeling alterna-
tives. Snce each model makes different assumptions, dif-
ferent numbers of parameters have to be estimated. More
parameters usually mean that we have fewer assumprions
Lo ]nﬂkf. II— FH 1 ﬂsﬁum?liﬂn dl'.N:S not ﬂ,"ﬂfl:_'[ rﬂ'.‘lIi[}’. OLr
estimates will be biased. However, as the number of
parameters goes up, the reliability with which each of
these parameters is estimated goes down. It s possible
that the curse of low reliability is worse than the curse of

‘biased estimates (Hagerty & Srinivasan 1991). Both bias

and error variance (reliability) determine the predictive
accuracy of a model. Hence, the model with the most
parameters, or the least number of assumptions, 1s not
necessarily the best model to use in practice. To find the
best model for the dara, we recommend evaluating the
results of the various models. To statisticaﬂ}r compare the
four approaches, we run into a few complications. First,
the ECM model has a vamable to be explamned (eg.,
changes in sales) that differs from the three other mod-
els. Second, what is fixed i the ASM can get estimated
in the other three models. Third, various models have dif-
ferent variables on the right-hand stde and so are difficult
to compare. Therefore, except for face validity and the
statistical significance of parameters, we have to resort to
comparing the models on their out-of-sample forecasting
performance. There is lictle empirical evidence that would
enable us to make a recommendation for one model over
another. Fanias (1993} 15 the Eml}' study we know that
demonstrates a better out-of-sample predictive accuracy
for the ECM, when it 1s compared to several distributed

Iﬂg mUL‘IE‘I.‘i.

The main advantage of the ASM is that st is relacvely
simple to implement and terpret. Its main disadvantage
is its assumption about the specific decaying nature of
advertising effects. In markets where we have a lot of his-
torical knowledge, this disadvantage can be small. In mar-

S —
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kets where we have information on muluple brands and
multiple media, this system becomes convoluted. The
ECM is a very nice alternative to the ASM. It 1s a parst-
monious model, requiring less data than the PDLM,
while not having to make the specific assumption about
the decaying nature of the advertising effects.

Conclusion

By looking at only the relationship between adverusing
expenditures and sales, we omit a large part of the cffects
advertising has on consumers — namely its unpact on
AWATCIIESS, p(}sitmnl'r.lg/unagc. and consideratton. Our
approach provides a more detailed and richer insight mto
the effects of adverusing. Adverusing campaigns often
have specific objectives, such as increased sales, awareness,
or reposition the brand. By looking at our joint model-
ing results, we can immediately see whether these objec-
tves are being realized. These are a few examples of the
implications of our modeling.

= First, if our focus 15 on increasing sales but all our cam-
patgn does is increasig awarcness, then clearly we must
consider a correction to the campaigr.

* Second, if our analyses show that our campaign does
mcrease sales but the opumal level of profits implies
more advertising weight, then we should probably
increase or decrease spending, depending on the results
of the model.

* Third, if we have modeled the different media, it
becomes possible to identify which media affect which
metrics. This allows us to better allocate our advertising
budget across the different media.

* Fourth, if competitive data are available, we can under-
stand how our advertising is affecting the competition
and vice versa. We may find that absolute spending levels
are less important than relative-to-the-competition
advertising levels.

In this article, we have shown the powerful combination of
having strong data and powerful econometric tme series
modeling tools. We have illustrated that, by combining a
cumprc]wm:ivc behavioral framework with the rcquired
data and econometric models, we can obtain unique
msights and knowledge about advertising efficiency. This
allows managers to evaluate efficiency of marketing efforts
and plan additional marketing actions, depending on when
advertising kicks in and when it wears out. The modeling

complex because the problem studied s complex. Effects
of adverusing typically play out over time and may be non-
linear, and their impact may depend on other elements,
such as COMPpeLition I Crealing awareness, image, consider-
atien, and Llllimalcf}' sales. In Pracr.icaI npp!ifali{:nm i 1s
important to be aware off and deal with potential method-
ological wssues that may come mio play, such as aggregauon
bias, S}‘mciﬁcaliun, and identification Pm]:r]cm'-:. lFor an in-
dcpl.h overview of the rmany mndeling tssues we refer to

Leeflang, et al (2000),
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