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Dynamic Marketing Budget Allocation across Countries, Products,
and Marketing Activities

Abstract

Previous research on marketing budget decisionsh@sn that profit improvement from
better allocation across products or regions ishrhigher than from improving the overall
budget. However, despite its high managerial relegaontributions by marketing scholars are
rare.

In this paper, we introduce an innovative and fdassolution to the dynamic marketing
allocation budget problem for multi-product, mudtuntry firms. Specifically, our decision
support model allows determining near-optimal mankebudgets at the country-product-
marketing-activity level in an Excel-supported enmment each year. The model accounts for
marketing dynamics and a product’s growth potertsalvell as for trade-offs with respect to
marketing effectiveness and profit contributioneThodel has been successfully implemented at
Bayer, one the world’s largest firms in the pharewical and chemical business. The profit
improvement potential is more than 50% and worthezfrly EUR 500 bn in incremental

discounted cash flows.



1. Introduction

Determining the marketing budget has been of pamationportance to marketers for
many decades. Global players such as Procter & @asplend around US$ 8.5 bn on advertising
per year (P&G 2008). Since marketing expendituresramediately recognized as costs on the
income statement but their total impact on salésndiully unfolds only in future periods they
need to be evaluated in terms of an investmensieciln view of limited financial resources,
the global annual marketing budget of a compamgiglly set in the previous year, i.e. it is
fixed. If companies offer a broad product portfdiiocustomers from various countries and use a
variety of communication channels they need tolbdeavn the fixed annual budget into
expenditures across countries, products, and comeation activities. For many firms this task
requires determining individual budgets for hundretlallocation units. As a result, firms face a
complex decision problem: they need to allocateedfbudget across a multitude of allocation
units by evaluating the impact of these investnaemaisions on future cash flows. Technically,
management needs to solve a dynamic optimizatioblg@m for an investment portfolio under a
budget constraint. As marketing budgets are setncannual basis this management challenge

recurs on a regular basis.

1.1 State-of-the-art of Marketing Budget Allocation

Marketing practitioners frequently use heuristidimoels when it comes to determining the
marketing budget. Bigné (1995) reviews 16 studigdiphed between 1975-1991 on actual
budgeting behavior of North-American and Europeand from diverse industries. He finds that

by far the most often used budget rules are thecgpgage-of-sales”, “objective-and-task”, and

“affordability” method. These rules usually yieleults that are rather far away from the optimal



profit-maximizing budget. Analytic methods that &ased on the principle of marginal returns
analysis produce optimal budgets but are only clamnsd by a minority of firms.

The academic literature has been dealing with bugigestions for a long time. A large
body of work focuses on optimizing the budget fairegle product in a static environment (for
an overview see Hanssens, Parsons, and Schultz. 208tng the earliest and most influential
contributions is the work by Dorfman and Stein€d54). They derive necessary conditions that
must hold for static profit maximization when opéihtevels for several marketing-mix variables
are set simultaneously. The solution offers impartgeneral insights into the budgeting problem
but does not offer guidance for implementation mi@rketing practice. In addition, it does not
consider dynamics and the perspective of a mulinty, multi-product firm.

A large stream of papers takes a dynamic perspge@fov an overview see Erickson 2003).
The recent paper by Naik, Raman, and Winer (2d05xxample, considers interaction effects
between advertising and promotion under dynamgopiolistic competition. The focus of these
studies, however, remains on single products. Hoeyot inform on how budgets are
simultaneously set for several products in viewiroited financial resources.

This question can only be answered by an integrtedation approach. Previous research
(e.g., Tull et al. 1986) has shown that profit ioy@ment from better allocation across products
or regions is much higher than from improving tlverall budget. However, despite its high
managerial relevance and profit improvement poé¢cbntributions by marketing scholars are
rare (Reibstein, Day, and Wind 2009)\n important emerging literature stream (e.g., Knwet
al. 2008; Reinartz, Thomas, and Kumar 2005) dedlstive problem of resource allocation

across customers. Typically, these approachesreedata on individual customer behavior and

! We acknowledge other research traditions thatwlita allocation problems. For example, internatibtrade
theory discusses issues of dynamic resource albocatross countries at a macro level (e.g., W@tplL



focus on service industries. Other articles foaupmblems of sales territory design and sales
force size (e.g., Skiera and Albers 1998; Zoltrers Sinha 2005) but do not address allocation
decisions for products in multi-product, multi-caynbusinesses. Only a few approaches are
based on aggregate market response models thaeaalibrated with sales and marketing data
at the product level, which is the primary datarseun many industries. Lodish et al. (1988)
propose an allocation algorithm for a specific tgbenarket response that has been adopted by a
pharmaceutical company. Doyle and Saunders (1989®)eda closed-form allocation solution
under a budget constraint for the semi-log respomsdel and apply it to a British retailer. Albers
(1998) generalizes the solution to the case ofrhitrary response function and allocation unit.
Since a closed-form solution in terms of resporeampeters no longer exists he proposes a
heuristic rule and shows via simulation that itaily converges to the optimal numerical
solution. While these approaches consider tradeaffong products of a portfolio for budget
decisions they are focused on short-term profitimeation. Marketing decisions, however,
need to account for dynamics, as well. On the afes slynamic considerations result from
lagged effects that can be represented by a magkstock variable. On the other side, dynamic
considerations arise from the fact that a portfali@es products with different ages and growth
opportunities. Requirements for marketing suppbange as the product evolves along its life
cycle. To the best of our knowledge, a dynamic reianlg budget allocation approach for a

product portfolio has not been suggested so far.

1.2 Contribution to Allocation Theory and Practice
In this paper, we propose an allocation methodbfeaking down a global marketing
budget into individual budgets at the country-prddmarketing-activity level. We take the

position of an international firm that offers a &doportfolio of products to customers from



different countries. Products are promoted by wariactivities including classical advertising,
below-the-line activities, personal selling, etack year the firm sets a global marketing budget
that is to be spent by the various allocation unithe year ahead. The portfolio is composed of
products that differ in their life-cycle stage. Timen wishes to maximize the discounted total
profits of its portfolio. While we propose a methib@ét recommends how to allocate the annual
global budget across countries, products, and riagkactivities, we do not address the tactical
problem of inter-temporal allocation of an indivadiudget within the year (for a summary of
this literature see Doganoglu and Klapper 2006).

We contribute to allocatiotheoryby offering a solution to the dynamic portfoliosfit
maximization problem. The theoretical solution pdes important insights into how individual
budgets should be set so that they account fagrdifices in profit contribution, marketing
effectiveness, and growth potential. The optimaldai describes an endogenous relationship
where various variables need to be in their gloipsimum. This relationship also holds under
Nash competition. Under both monopoly and Nash aitipn, however, it can only be solved
with numerical methods. Numerical optimization oftaces significant acceptance barriers in
practice, which may be one reason for the frequsatof suboptimal budgeting heuristics (Bigné
1995). While the numerical method produces thenogdtbudget, the product manager cannot
reproduce the result on its own. Therefore, s/hesdmt understand why the recommended
budget level should be optimal for his/her product.

Hence, our second contribution is to allocatactice We develop a near-optimal
allocation rule that addresses the demand for sirmlibcation rules by practitioners. The rule is
directly derived from the theoretical solutionpfbvides insights into the solution structure and
can be used with a spreadsheet. In a simulatialy stee demonstrate that the allocation heuristic

quickly converges to the optimal solution undenjirag conditions. While easy to understand and



to implement, the heuristic goes beyond widespheattjeting rules such as the “percentage-of-
sales” method (size of the business). Specificdliptegrates and trades off information about

- the size of the business,

- the profit contribution margin,

- the (short-term) effectiveness of marketing invesits,
- the carryover-effect of marketing investments,

- the growth potential,

- and the time value of money.

Together with the management of Bayer, we devel@pedmplemented the heuristic for
the product portfolio of Bayer's Primary Care busiga unit. This portfolio includes 36 products
from four strategic therapeutic areas that are statkworldwide. Product managers can choose
among six different types of marketing activitiegls as detailing or print advertising. The
project had significant impact on the marketingdptthg practice at Bayer. It initiated an
important change in the understanding of the allondaask by providing structure and solution
to a complex problem. The empirical applicationesed a profit improvement potential of more
than 50% or nearly EUR 500 bn of incremental dis¢ed cash flows over the next five years.
Finally, the project significantly contributed ta arganizational change that resulted into the
creation of a new marketing intelligence unit. @h¢he main tasks of this unit is to support top
management in evaluating the financial impact ofk@tng decisions.

The rest of the paper is organized as followshénrtext section, we describe our analytic
approach to derive the proposed heuristic allonatite and the associated simulation study.
Section 3 provides information about Bayer andnilaeket background. The fourth section
focuses on the empirical application. We discussthta, the estimation of the market response

model and validation issues. Section 5 presentsrthementation of the allocation heuristic in



Excel. We further evaluate the empirical findingsl &he impact of the project on Bayer. We

close with limitations and suggestions for futueegarch.

2. A Heuristic Rule for Dynamic Marketing Budget Allocation
2.1 Theory

Assume an international firm that operates aciossvorld and sells several products that
may belong to the same or different categories.niumber of products offered may differ across
countries. Product management can choose amoraysariarketing activities, such as print
advertising, personal selling, direct mailing, @étcenhance current and future sales. At the end of
each year, marketing investment plans for the peat are developed. We assume that the firm
wishes to maximize the net present vdilef its product portfolio over a planning peridde.g.,
five years. We further assume that a total margdtundgeR has already been set at the firm
level. We do not model this process, Ras exogenous. Additionally, the total budget is
assumed to be constant over the planning horizop.nfanagement, however, may decide to

adjust the level during next year’s planning cycle.

2.1.1 Allocation Solution for an Arbitrary Growth F unction. Denoteq(t, S Z) as the
sales of a product in periadhat depends o the marketing stock, and other variables (e.qg.,
competitive marketing stock) that are summarizethérow vectoZ. Without loss of
generality, we focus on only one own stock variabét us decompose sales into two

components

a(tsz)=q )] { $xz(), @

whereg[-] is a growth function that represents a basttepa of growth dynamics as known from
diffusion and product life cycle research, dptlis a separate response function that meashiees t

direct impact ofSandZ on sales. Note that this decomposition is helfgfulnterpretation but



does not limit the generality of our model devel@mtn The growth function describes the
evolution of new product sales over the life cyata is assumed to be influenced by investments
into the marketing stock. Research on diffusiorcpsses and product life cycles provides broad
evidence for the dependence of growth dynamics arketing-mix variables (e.g., Bass, Jain,
and Krishnan 2000; Fischer, Leeflang, and Verh@af02. The marketing stockfollows a

dynamic process that satisfies the differentialagigm (Nerlove and Arrow 1962)

dd_tS:—Js+ x x20, andg ® know, (2)

wherex denotes marketing expenditures arid the depreciation rate of the marketing stock.

Let k denote the country with the index geandi denote the product, whereas the set of
products offered in countymay vary and is given dy. Letn denote the type of marketing
activity or spending category, respectively, &htbe the associated index set that may vary
across products. We omit the time argument untessieeded for an unambiguous
understandingS; is anN;-dimensional row vector summarizing the activitgsific marketing
stocks for produat Let ET measure the elapsed time since launch of a prantet O,r be a
discount rate, 0 £ <oo, p denote price¢c be marginal cost, and be activity-specific marketing
expenditures. The constrained dynamic profit mazation problem of the firm is

T oIt
NAE‘X n= t=0 Eﬁa ZkDKZiDIk ( R~ Q') Dq( Eai--}_ ’tski’zki) _ZKDKZiDIanDNi & d(‘?’)

Discounting

Profit contribution Unit sales Marketing expenditures

Discounted net value @roduct portfolio

subjectto R~ > > X withc;—T: ( (Budget constraint) (3.1)

% = =OinSkin + Xin» With %= 0, (State variable equation)  (3.2)



Sin20, S,(0= Sy, and §( T= S (Boundary conditions) (3.3)
SanT IS free but must be nonnegative and satisfy tligbuconstraint. In the Appendix, we show
how this problem can be solved by employing thewdak of variations together with the
Lagrange approach (Kamien and Schwartz 1991). ey, the solution to the

1+> > |N,| Euler-Lagrange equations is

(pki—%)d?( (%) 59(%%))
1 ] (r +1- Viin) (4)

i (P =6 ) |er) *e d
S Zio, Zoen, J(H(l_f(;l;)) g,z 5 e, 2

1d§'” , OkOK,iOl, nON; tO[ or] ,

whereeyx denotes theurrent-periodelasticity of sales with respect to marketing expeires,

egx) Measures the sales growth elastigityyeasures the marketing carryover (witk 1 -J), 4 is

the dynamic Lagrange multiplier, and all other tesme defined as earlier. The star indicates that
variable values correspond to the optimal soluttwrthe marketing budget, which is measured as
the optimal share in the fixed total bud&dnh Equation (4). In a common product portfoliog th
number of allocation units tends to be quite la&jace the total budgé&to be allocated is

fixed, some stocks increase and others decredke olynamic optimum. As a result, gains and
losses tend to cancel each other out and the sestwnohand in the denominator of Equation (4)
Is close to zero. Considering the restriction thattmal budget shares must sum to 1 (see the
Appendix), we obtain the following general solution the optimal budget that is close to

solution (4)

Max{ W, (1), 0}
ZIDK ijl ZmDNj Max{ V\Em (t),O}

X (1) O R OkOK, iOl,nON,wO[0T], ()



with

van (t) :( pki - Q(I) CE ( t) (gf[xan(t)} + gg[)ﬁ?n(t)]) ( r-'-:l'_ykin) ’ (6)
Profit unit  “~—n—— — Discounted marketin

contribution ~ sales  Sales elasticity Growth elasticity multiplier
w.r.t. marketing  w.r.t. marketin

wherew is an allocation weight and all other terms arenee as earlier.

The optimal solution considers dynamics in twoeti#it ways. First, it incorporates the
dynamic effects of building and leveraging the nedirlg stock, which is reflected in the
marketing carryover coefficienpt Second, it accounts for the growth potential pf@duct that is
related to marketing investments as reflected éngifowth elasticityy. Note that our sales
response in Equation (1) includes a growth funciipt}, that describes the evolution of new
product sales along its life cycle. The growth &téty measures the power of marketing to shape
the life cycle. Hence, we assume that the growtiegss is endogenous with respect to marketing
expenditures. A recent empirical study on drug§&isgher, Leeflang, and Verhoef (2010)
supports this premise. The authors find that tlagelof the life cycle is indeed influenced by
investments in the marketing stock. More importgrttieir results suggest that marketing
investments in the growth potential of a new pradave a strong impact on future cumulative
sales and discounted cash flows. On the basipafametric growth model, we show
subsequently how the optimal solution favors smgftmarketing resources to young products so
that they can leverage their endogenous growtmpate

Equations (5) and (6) represent the first-ordeda@ns of the constrained dynamic
maximization problem. These conditions also nedoktéulfilled by each firm under Nash
competition. Here, each firm sets marketing budgetspendently of its competitors by taking
the competitor budgets as given. Equilibrium valnesy be obtained by numerically and

simultaneously solving the budget equations forpiwfolio of each competitor. Note that our



general sales model in (1) assumes product saieg indluenced by competitor variables such
as competitive price and competitive marketing exteires. Competitor actions thus have an
impact on the optimal solution as they chagfessx+), andegx) in Equation (6).

2.1.2 Allocation Solution for a Specific Growth Fumtion. We now introduce a
parametric growth function and derive the growtsgtity for this specific case. This enables us
to demonstrate the effects of the growth potewtiedhe allocation solution in more detail.
Following the study on drug life cycles by Fischiezeflang, and Verhoef (2010) and consistent

with our empirical application at Bayer, we spedcig growth function as follows
Ok (1.5) = >3 ®S) with gy, 3,y > 0andt 0 [0,), (7)

wheread is a scaling constant, aadandb are growth parameters that depend on the marketing
stock. The model describes an asymmetric growth {hat leads to a single peak in the life cycle
which occurs at”®*= a/b. Hence, the growth parameters determine the tinpeak sales and,

as Fischer, Leeflang, and Verhoef (2010) also shiosvheight-of-peak sales. In addition, they
define the shape of the life cycle. Equation (®dsivalent to the gamma distribution, which has
been frequently used by researchers because oflthebility to capture many shapes (see the
Appendix). For example, d = 0 it reduces to the exponential distributiort iesacharacteristic

for many media products such as movies. Most inapdit, we assume that marketing
investments have a long-term impact on cumulatessthat is mediated by the growth
parameters. Figure 1 compares two life cyclespbak around the same time. Cumulative sales
are, however, quite different because of the dffees in growth parameters that are assumed to
arise from either low or high marketing investmeinighe appendix, we show that cumulative
sales are always higher for the life cycle whos$edince between growth parameta@ndb is

larger.

10



== Figure 1 about here ==
From Equation (7), we obtain for the growth elastic
€9(x,,) ~ Eakin In (t) ay; — &g, kint by

which can be inserted into (6) to yield the optimiébcation weight in planning peridad

V"En(t):(Pki‘%)d?i[gf(@)”“ggkin'”( ETa+ ) &~ enwn( ET* } EJ/( 1= Vi), (8)

n

wheree, kin andep kin Measure the elasticity of the growth parametetis kgispect to expenditures
on marketing activitym and all other terms are defined as earlier. NweHET (elapsed time since

launch int = 0) accounts for differences in launch times agnroducts in the portfolio context.

2.1.3 Implications for Budget Allocation The optimal solution provides a number of
intuitive insights into the allocation problem. Edons (5) and (6) show that a fixed budget
should be allocated according to a simple propogioule. The optimal budget for a product
relative to other products increases with its dbatron marginp-c and its sales basg
Similarly, the larger produdts long-term marketing effectiveness for actiuitys the higher its
budget. The long-term marketing effectiveness mmased of the short-term sales elasticity, the
discount rate, and the marketing carryoegg/(r+1-y). Consequently, if long-term marketing
effectiveness is larger across all of prodigcactivities compared to other products the total
budget for produdtincreases. Finally, Equations (5) and (6) reviealitnportance of a product’s
growth potential for budget setting as reflectedhm/sales growth elasticity. This term varies
over the life cycle. It is largest at the beginnimgen most of the sales is yet to come. Hence, the
potential impact of marketing expenditures on fatcash flows is greatest at this stage, which is
why young products get a higher allocation weigid thus a larger share in total budget.

Because of the growth potential the optimal markebudget might even be higher than

11



revenues of a new product at the beginning offésile. the solution may suggest to spend

money on products that involve a temporary loss.

The role of the growth potential term becomes notear when we consider a specific
growth function such as in Equation (7). Now, tiptial allocation weight is expressed in terms

of growth parameters. From (8), it follows that theger the difference

&, In(ET+t) d'-&/( ET+ {) b'is the higher the budget for a product. For presititat have

been launched in the same year, we know that cuiveilsales are higher for those products for
which the distance betwearandb is larger (see the Appendix). The distance magrid@rged
by marketing investments to a certain extent dectfd in the elasticity parametegsandey,.

The growth expectations of a product also change ttme. Since the growth potential term
varies witht it accounts for this. To facilitate interpretatiassume; = £ =1. Then, our
measure simplifies tin (ET +t) &' —( ET+ {) b’ For mature products, it gets smaller and may

turn negative at some point in time. In the decttage, the budget is likely to be zero as the sum
of the short-term marketing elasticity and the giropotential measure in Equation (8) is

eventually becoming smaller than zero.

2.2 Proposed Near-optimal Allocation Rule

The optimal budget for spending categonyf producti in countryk describes an
endogenous relationship where various variabled tebe in their optimum. To obtain the
optimal values we need to solve the profit maxitaraproblem (3) — (3.3) numerically. The use
of numerical methods, however, has two disadvastdgest, it requires to explicitly specify the
sales response function which limits the generaiiitg of the solution approach. Second,

marketing managers are reluctant to accept refsattsnumerical optimization because they do

12



not understand how the budget recommendation igegk\While the optimization algorithm

implicitly evaluates and trades-off factors suchresketing effectiveness, growth potential, or

the size of the business, this process is notpgeapst for the manager.

Consistent with Little (1970), we believe that slimipy of the allocation rule is important

as it enables the manager to understand the atdacatlution. The wide distribution of heuristic

budget rules among companies (see Bigné 1995 adgép)jte the advances in the analytical

marketing literature seems to support the needifoplicity in allocation methods in practice.

We derive an allocation heuristic directly from theoretical solution that produces near-optimal

budgets and is easy to understand for managers:

where

innt
Wiint

R
]

Yki

Ekin,t-1

n

i

Ok

it

R = Whint R, OKOK, 04, nd N, [0, 9)

ik ZjDIZmDNjomt

H = — Ek'n,t—l
with Wkim - (I’ +]I__ ) dei ER\éi,t—l U lokit (10)
Vin Profit contribution Growth potentia

Long-term marketing effectiveness

. Near-optimal budget for marketing activityand product in countryk and period;
. Heuristic allocation weight for marketing activin and product in countryk and

periodt;

. Total budget to be allocated in peripd

. Discount rate (capital cost of firm, strategisiness unit, etc.) ;

. Carryover coefficient of marketing activityfor producti in countryk;

. Short-term sales elasticity with respect to pii@s marketing expenditures on

activity n in countryk and available from last year;

. (Percentage) contribution margin for produict countryk [= (pki-Cxi)/pxil;
RVt :
. Multiplier to measure the growth potential obgucti in countryk and period.

Revenue level of productn countryk available from last year (gkit.1-Okit-1); and

The basic idea of the heuristic is to explicitlyprigquations (5) and (6), the true

optimum, to Equations (9) and (10), the heurigtipraach. We do so by substituting currently

available values for revenues and sales elasftmittheir optimal values that are only

13



endogenously determined by solving the equatiotesy#eratively. We approximate the growth
potentialp by a multiplier that divides expected revenues years (planning horizon) by the
current revenue level. By this heuristic approash assure that products get a greater share of
the total budget as long as they are expectedotw.dn contrast, when they are expected to turn
into their decline stage their budget is reducadrént values of revenues are available from last
year and the contribution margin is a target figueeided by management. Data for the
carryover coefficient, sales elasticity, and thewgh multiplier are not readily available but must
be estimated. In our empirical application, we fgexparametric response model to estimate
these quantities econometrically. But we note thigtis not a prerequisite of the allocation
heuristic. The user may adopt other, non-paramapcoaches to estimate the required data.

Basically, the proposed heuristic is a simple propoal rule that integrates relevant
information from three areas

- the long-term effectiveness of marketing investra@mthe focal product,

- the profit contribution of the focal product,

- and the focal product’s growth expectations.
The logic behind the selection and integratioméimation into a proportionality rule is well-

founded in theory but at the same time easy tonstaled for practitioners.

2.3 Testing the Near-optimality of the Allocation Rile via Simulation

By definition, the heuristic solution is likely thffer from the optimal solution, but it
should not deviate too much to be useful. Becausdeuristic rule is a contraction mapping on
the theoretical optimum, it exhibits a fixed pgmmbperty. According to the Banach fixed-point
theorem, an iterative sequence such as (9) andy(i€ne values are subsequently replaced by

values closer to the fixed point will convergelte fixed point, which is in our case the true

14



optimum (Granas and Gurundji 2003). Note that ioisls also under Nash competition because
the Nash equilibrium establishes the fixed poithie Thteresting question is how fast the
convergence process is.

To analyze the performance of the heuristic weetloee conducted an experimental
simulation study (for full details see the Web Apgk). In this study, we analyze a firm with a
product portfolio of four productsWe consider two scenarios, a single-firm scenamio a
competitive scenario including a second firm witpaatfolio of four products. Sales is generated
by a multiplicative market response function, thestrfrequent type of response in empirical
studies (Hanssens, Parsons, and Schultz 2001ye$pense function includes an asymmetric
growth function, consistent with Equation (7), an expenditure categories, whose stocks
evolve according to Equation (2). Six factors tttaracterize the products in the portfolio were
experimentally manipulated: current-period elasési carryover coefficients, size of the revenue
bases, profit contribution margins, growth paramgtend launch dates as reflected in the
elapsed times since launch. Each factor has tweldeVhe initial condition assumes equally
distributed budgets across the two marketing dis/and four products. We use a five year
planning horizon, and the objective criterion is thscounted profit over the five years.

Optimal budgets are obtained by numerically solheydynamic optimization problem
as described by Equations (3)-(3.3). To reducealveomputation time, which is especially high
in the competitive scenario, we construct an efitiLatin-square design that contains eight
portfolio profiles. Profiles are randomly assigriedhe two competitors. Consistent with
practice, we simulate an annually recurring bugbdgetning process and investigate 12 planning

cycles. We compare the performance of the heumstitthe optimal solution in terms of (profit)

2 We also tried larger product portfolios, e.gthagight products. Results do not change but coatjout time
increases exponentially.

15



suboptimality and match with the optimally allochtaudget (for details, see the Web Appendix).
Figure 2 shows how these two performance critezigelbp over time (the number of planning

cycles).

== Figure 2 about here ==

Values in Figure 2 represent mean values acroska&perimental conditions. If we do
not apply the heuristic rule to improve the initi@ive budget allocation the deviation from
discounted profits of the optimal solution amouwntd49.2% on average. This suboptimality
increases to 28.6% after 12 planning cycles (notvshin Figure 2). The match with the optimal
budget allocation is 47.1% and remains aroundi¢visl (50% after 12 planning cycles). As
Figure 2 shows, we already achieve a dramatic ivgsnent with our heuristic rule in the first
planning cycle (4.3% profit suboptimality and 74.@3atch with optimal budget allocation).
Moreover, the rule quickly converges to the optiswltion when it is repeatedly used in the
following planning cycles (0.95% profit suboptintgland 90.7% match with optimal budget
allocation). This result holds under both the sAfyim and the competitive scenario. Hence, the

proposed rule appears to be a useful allocationgteu
3. Background for Implementation in Practice

3.1 Company Background

Together with the management of Bayer, we implesteand adapted the proposed
heuristic to the specifics of Bayer’s Primary Chusiness unit in the period 2005-2006 and
derived budget recommendations for 2007. Bayemgsldo the leading companies in the
pharmaceuticals and chemicals business sectoeafdhnld. As of 2008, the company had EUR
32.9 bn sales and around 107,000 employees (Ba&g&) 2Bayer consists of three major

business areas: Bayer HealthCare, Bayer CropSciandeBayer MaterialScience. Bayer
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Healthcare is the largest area in terms of salegibating almost 50% to total sales. In 2008, the
business area reported EUR 15.4 bn in sales paisi@ayer among the top 10 pharmaceutical
firms worldwide. Bayer Healthcare is divided intpr@scription drug business (Pharmaceuticals:
EUR 10.7 bn) and an OTC drug business (Consumdthiti&JR 4.7 bn). The prescription drug
business is composed of several business uniteaRriCare is the largest unit (EUR 3.1 bn) and
our focus for implementation of the allocation hstic. Three business units, Women’s Health,
Diagnostic Imaging, and Specialized Therapeutiesyather new to the company as they mainly

belong to Schering, a pharmaceutical competitoreBagquired in 2006.
3.2 Market Background

The Primary Care business unit of Bayer comprisesquiption drugs that operate in four
separate competitive market environments or thettapareas, respectively. These drugs treat
diabetes, hypertension, erectile dysfunction, afectious diseases. The hypertension segment is
the largest one that includes several subcategatied as beta blockers, calcium channel
blockers, ACE inhibitors, and All-antagonists. Bafias several offerings in this segment. With
EUR 626 m, the calcium channel blocker Adalatgsest-selling drug (Bayer 2009) which has
already been in the market since the mid-1970%€04lgh the drug has lost patent protection
more than 20 years ago and is facing increasingrgecompetition it contributes substantially to
sales and profits of the Primary Care business Ar#lox and Ciprobay are Bayer’s drugs in the
Antiinfectives business (EUR 445 m and 338 m). WHilelox is an innovative, young drug
under patent protection, Ciprobay recently losepaprotection. In the antidiabetes segment,
Glucobay is also off-patent and generated EUR 30d sales in 2008. All three mentioned
therapeutic areas represent established areas af@ch their saturation stage. Due to the aging

of population in industrialized societies and inative new product introductions they are,
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however, expected to continue to grow at modegdtsrin the future. The biggest challenge for
Bayer in these areas is to keep its market posibigmovative drugs by other global players are
the main competitors for the Bayer drugs. In casttrdne market for the treatment of erectile
dysfunction is a new category that was pioneereBfirer with its Viagra brand in 1998. Bayer
and Eli Lilly followed in 2003 with the introductioof their brands Levitra and Cialis,
respectively. Levitra achieved EUR 341 m in 2008e Tharket is still growing and does not face

generic competitors yet.

To summarize, the Primary Care business unit oeBhyplds a broad portfolio of drugs
that are at different stages in their life cychd varying conditions of competition, and diffier i
their contributions to sales/profitdence, the challenge for the management was tcafind
balance in the allocation of marketing resources ttades off the size of the business, the
growth expectations, and eventually the effectigsra marketing expenditures. The main
objective was to improve the process and resuleotial budget allocation in order to maximize

discounted profits from the product portfolio oeplanning horizon of five years.

Bayer invests substantial resources in marketimgsates activities. Total marketing and
selling expenditures were EUR 7.1 h21.5% of total sales) in 2008. For confidentiality
reasons, we cannot report on exact figures foPtimaary Care product portfolio. The lion’s
share is spent on detailing targeted at generatipoaers and specialists. Competitors also spent
a significant share of their budget on pharmadstsiling. In addition, Bayer invests in print
advertisements, direct mailing activities, invites of physicians to symposia, and other
marketing activities. The implementation of theeadltion tool is targeted at the five main

European countries which contribute the largestestmtotal sales. The U.S. market provides
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also a substantial portion of sales. However, tageB products are marketed here by licensee

firms. Hence, budget decisions are not under tinérgbof the Bayer management.

4. Data and Model Estimation

4.1 Data

To calibrate the heuristic allocation tool for Bayee need to estimate a number of input
variables. Specifically, we require product-specifata on the short-term sales elasticity of
different types of marketing investments, carryos@efficients, and information to compute the
growth multiplier. For this purpose, we use 10 ggd©96-2006) of quarterly marketing and
sales data at the product level to estimate a megkponse model for each product market. IMS
Health, Inc. provided data on unit sales countestamdard units, revenues (all in EUR), and the
date of product launch, which we use to obtain madeentry and life-cycle information. We
computed prices from revenues and unit sales.Ndet CAM database, CEGEDIM, S.A.
provided information on detailing expenditures &egl at general practitioners, specialists, and
pharmacists. In addition, we have information ala# on professional journal advertising
expenditures (including direct mailing), expendasion physicians for invitations to symposia,
meetings, etc. (hereafter denoted as meeting tronts), and other expenditures (hereafter

denoted as OME).

The database covers the four strategic Bayer Pyi@are prescription drug businesses
Antidiabetes, Hypertension, Erectile Dysfunctiond &ntiinfectives in five countries, Germany,
France, the UK, Italy, and Spain. Bayer managerhelpted us to identify the relevant
subcategories and competitors within each therapartga by country. Subcategories vary from
12 for Antiinfectives to one for Erectile Dysfunmti. Products vary from 15 for the Erectile

Dysfunction area and 306 for the Hypertension éea Table 1).
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== Table 1 about here ==

Table 1 also shows mean values and standard dmsdor the variables used in
estimation. The detailing stocks for general ptaxters are highest, followed by the stocks for
specialists. Stocks are computed consistent witraon (2) (see also Berndt et al. 1994).
Details on estimation are given in Table 1. Theyarer is highest for Hypertension which is a
chronic disease and lowest for Antiinfectives @& usually used for a one-time therapy (see
also Tables 2a and 2b). Note that not all marketpending categories are equally utilized across
the different markets. For example, OME for antidi®s and anitinfective drugs are rarely used,
so that the data is not rich enough for estimatatigble marketing effects. Prices are highest in
the youngest category, the Erectile Dysfunctioegaty. Finally, we note that sample sizes
differ to a great extent due to the number of bsafithe Erectile Dysfunction category has only
been launched in 1998, so that we have the smalegple size here that limits model estimation
to some extent. Finally, note that the samplesiabalanced, i.e. several drugs were launched
after the start of the observation period and adevgs left the market during that period. Thus,

we observe 25.6 quarters per drugs on average.
4.2 Specification of Market Response Model

Following Fischer and Albers (2010), we specifyoaillle-log sales response function for
each therapeutic area. Let sales of drimgcountryk and period be defined as follows:

In Qyir = ok + i In gp_ sdgly +axiIn sp sdgt+agin ph sdetray In spd
+ag; Insmegg, +ag,; In SOME; + B, In scomp+ B, In - pict B3 In compyc

M-1

+ By INOE + fBsstofi x In ET; + B stay *ETg + 7, M CTX
M < H-L .

DD g YnSDe X CTY + 0y, Withuyge ~ '\( 0473) 1

(11)

where
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Okit : Unit sales of drugin countryk and period;

gp_sdat; : Stock of detailing expenditures at general ptiacers of drug in countryk and
periodt;

sp_sdet: : Stock of detailing expenditures at specialitdragi in countryk and period;

ph_sdef; : Stock of detailing expenditures at pharmacistdrogi in countryk and period;

sadyi . Stock of professional journal advertising exgameés of drug in countryk and
periodt;

smeef; . Stock of expenditures on meeting invitationslafgi in countryk and period;

sOME: : Stock of other marketing expenditures of drugcountryk and period;

scomp; : Stock of cumulative marketing expenditures bygdts competitors in countryg
and period;

PprCyit . Price of drug in countryk and period;

comprgi; : Average price by druigs competitors in countrig and period;

OE; . Order of entry by subcategory of druig countryk;

Stokit . Stock of drug’s total marketing expenditures in counkrgnd period;

ETyit . Elapsed time since launch of dnuig countryk and period;

CTX : Country dummy variable for countk(1 fork =1, O else);

SDhv : Seasonal dummy variable for quateand period (1/0);

a,B,v,y : (Unobserved) parameter vectors;

v, 02 . Error terms and error variances;

i . Index for drug that belongs to country-specsétly;

k =1, 2, ...l, ...,M (number of countries);

t =1, 2, ...,Ti (number of periods per drug); and

h =1, 2, ... ,H (quarters of the year).

The a1.¢-parameters measure the effects of own marketipgrekture stock variableg;
captures the effect of competitive marketing exjtemnels which are observable to competitors.
We combine all expenditure types in a cumulatieelstvariable. We could have specified a
greater number of more differentiated competitaraldes. Since our interest does not rest on
competitive effects, we save degrees of freedomdyg a composite variable. The same
argument applies for the average competitor phieéwe include in addition to own price. The
sales model does not incorporate a distributioratée. Since pharmacies in Europe are required
to list every prescription drug there is no vaaatin this variable.

We include interactions of the stock of total mairkg expenditures with elapsed time and
the log of elapsed time to measure an asymmeiniwtgrfunction that is consistent with

Equation (7). By this specification, we assume thatgrowth parameteesandb are scaled by
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the stock whereg8 and% measure the two scaling factors and are to bmatgd. Note that the
resulting growth parameteasandb are drug-specific since they are determined bsug'sl total
marketing stock.

Finally, our model incorporates a number of contaiables that have been shown to
impact sales of pharmaceuticals. With order ofyente control for the disadvantage of a late
market entry (e.g., Berndt et al. 1995). Since oadentry is defined at the subcategory level we
may have more than one pioneer drug in a theraparga. We account for product quality,
brand equity, and other unobserved time-invarianiables by specifying ndomdrug-specific
constant @oy;). Since we include the randomness into the carditimean function but not the
error term we avoid potentiahdogeneityssues that arise from the correlation of unoleserv
product quality, brand equity, etc. with marketimg« variables (Fischer and Albers 2010). Even
though we do not model endogeneity in budget ggtérg., allocating resources to more
effective activities as represented by elasticiiiggwe effectively control for it and obtain
consistent parameter estimates. We account forehaike differences by including country

dummies. Seasonal dummy variables by country cbitr@easonal variation in demand.

4.3 Estimation and Results
4.3.1 Estimation We estimate four models, one for each therapantia. The
specification of the sales model accounts for loggemeity in the constant term and marketing
effectiveness. We impose the following heteroggrsitucture on these parameters:
A, =0, + Ay + A Sl Whith 7, 77,0 ~N( 0, an€ov(n7, 7,)= . (12)
whereoy, represents an unknown drug-specific parametecedsd with predictov O [0,6],

a,,A,, andA,, are heterogeneity parameters to be estimated;grahds..; denote variance
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components that vary by drug and country. The ietpliariance ofyiy is (12 +A2,). The

variance-covariance matrix fog; is given byz = AA’.

We adopt the estimation approach used by FisclteAtrers (2010). Estimation also
produces a set of posterior means of the drug-Bpetasticity parameters (for details, see
Fischer and Albers 2010).

4.3.2 ResultsTables 2a and 2b show the results of model estnsga Due to
confidentiality reasons, we cannot show individestimates for Bayer products. Reported
estimates therefore reflect market averages. Irpkamodel fit is very good across all four
therapeutic areas. Pseudo R?, which is based msytieeed correlation between predicted and
observed values of the criterion variable, rangesf.933 (Hypertension) to .973 (Erectile
dysfunction). Since we account for drug heteroggniiis quite high. In a few cases, a
marketing spending category was used by only a sl number of firms leading to an
inflation of zero-stock values (e.g., OME for An#itletes and Antiinfectives). Estimation of
marketing effects was unreliable in such casethaowe excluded this variable from the model.
The relatively low number of 233 observations ie yloung Erectile Dysfunction category
created collinearity issues for the interactionsotdl marketing stock with the elapsed-time
variables and for the price variables. Since wdctaot separate the associated effects we
estimated only main effects with respect to elagsed since launch and the own price effect. In
addition, we include a dummy variable for the pien¥iagra, because only two competitors
followed in the same quarter and the common ordlentry variable lacks variation.

== Tables 2a and 2b about here ==
In a double-log model, parameter estimates for ptarg-mix variables correspond to

elasticities. These elasticities refer to markestagk variables and reflect long-term elasticities
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with respect to current-period expenditures. Tawmbshort-term elasticities the stock elasticity
needs to be multiplied with the decay coefficidtiasticities for detailing and other marketing
activities vary substantially across the differir@rapeutic areas. In general, they are highest in
the Erectile Dysfunction category, which is notmiging as this category is the youngest
category and still in its growth phase. Among tk&ding elasticities, GP detailing appears to be
more effective than detailing at specialists andrptacists. However, considering that specialists
account only for a share of ca. 20% in Antidiabeted ca. 27% in Hypertension, segment-
specific specialist detailing elasticities are #drdes higher. Note, for the application of our
allocation heuristic, the sales elasticities wiehpect to total brand sales as reported in Talles 2
and 2b are relevant. Elasticities for professigoatnal advertising, meeting invitations and

OME are usually considerably smaller than elastigifor detailing at physicians. Finally, we

note that the estimated effects are within the easfgesults of recent studies on pharmaceuticals
(e.g., Albers, Mantrala, and Sridhar 2010; Fiscret Albers 2010).

In terms of control variables, we find significdnit inelastic own price effects. For
competitive prices, we find negative cross-effettss finding is consistent with Fischer and
Albers (2010) who provide an explanation for negatiross-effects. The impact of competitive
marketing expenditures is negative across all frearic areas although it is not always
statistically significant. We find a negative eleisy for order of entry, as expected. Although not
reported in Tables 2a and 2b, seasonal effectsrdyaelevant to Antiinfectives, which
experience a high season in autumn and winter.

4.3.2 Model Validation We checked whether our model specification atichasion is
appropriate for the data in several ways. Firstsplé the data sets into an estimation and a
holdout sample. For the holdout, we used the foartgrs of the last year of our observation

period. Pseudo R2 in the holdout samples ranged f8é@2 (Hypertension) to .972 (Erectile
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dysfunction) and were only slightly lower than teasd the estimation samples. The same picture
emerges with respect to the Mean Absolute Percerfagr (MAPE) that ranges from 1.14%
(Erectile dysfunction) to 4.24% (Hypertension) atingly supports the predictive validity of

our response model. Second, we compared the seddegtlog brand sales model with a linear
model, a semi-log model, and an S-shaped modelDBv@son and MacKinnon (1981) test for
unnested models suggests that the proposed sp#oifics superior to the alternative
specifications. By adding predicted values fronaliarnative response model to the predictor set
of the focal model, the test checks for the addé#lexplanatory power of the alternative
specification. Finally, we checked whether thedeals follow an autoregressive process by
using the test for common factors (Greene 2006)di¥aot find evidence for it. Note that our
sales model already incorporates dynamics in tefmsarketing stock variables and the life-

cycle function.

5. Model Implementation and Impact
In this section, we describe how we implementedatloeation heuristic into a Decision
Support Tool in a spreadsheet environment. Furthediscuss the various impacts the new tool

and the project had on the Bayer organization.

5.1 Excel-based Decision Support Tool

We developed a Decision Support Tool that integrtte proposed allocation heuristic
into an Excel-based software program. Excel isqaerly suitable for applications in practice as
it is widely spread and easy to understand (AIB8@G0). The tool is to assist the management
with providing budget scenarios and their implioast for the development of market shares and
profits over the next five years. Specifically, thel produces a recommendation for the

allocation of the total marketing budget that isdzhon data on the effectiveness of marketing
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expenditures including carryover and discountirfgas$, the size of the product's business,
product profitability, and growth expectations (&spiations 9 and 10).

The tool applies to Bayer’s Primary Care productfpbo and covers expenditures in six
spending categories for 36 products in four themip@reas and five countries as described
earlier. Hence, at the product-country-activitydes6 (products) x 6 (spending categories) =
216 allocation decisions are made. It may easilggy®@ied to other product portfolios that may
be smaller or larger in size. Consistent with theqaicity of the response model estimation,
metrics such as carryover coefficients, growth iplidrs, etc. are defined at the quarterly level.
The same applies to market-share and profit sinomsit Based on the response model (11), the
tool demonstrates the impact of budget decisionsates and profits by extrapolating the
evolution of sales and profits over the next fieass.

The heuristic rule requires to compute an allocati@ight for each marketing spending
category and each drug (see Equation 10). Inpatlisate been obtained either from econometric
analysis or internal records. The plausibilitymput data, especially the estimated sales
elasticities, has been extensively discussed viitbrdnt groups of managers in several
workshops (global marketing, market research, pgbchanagement, sales management,
controlling, etc.). Internal records provided datethe discount rate, the profit contribution
margin, and last year's product revenues. Estimatidghe sales response model (11) produced
data on the carryover coefficient, short-term salasticities, and the growth potential multiplier.
Computation of the growth potential multipligz,is based on the life-cycle function (7) that is

incorporated into (11). Specifically,

I i ékitfl
Elapsed Time since Laungh T+ ~
: i - eXp(_Q(it—l u ) (13)
Elapsed Time since Laungh

Growth potential multiplief o) =(
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whereT is the forecast horizon (20 quarters or 5 yeaspectively), and andb are estimated
growth parameters. Since they depend on the magkstock we obtain estimated values from

the last period.

Following the needs of management, we extendetbtiien two ways. First, we included
a threshold for product budgets. Although our desir@amalysis did not find evidence for an S-
shaped response that justifies a threshold, marage®quired a threshold because of internal
setup costs that are fixed at the product and rntiagkactivity level. Second, we allowed for
manual adjustments to budgets recommended by tirestie. By this feature, management can
account for exogenous restrictions to budget ggtérg., to counter competitive attacks in a
predetermined way. In addition, it enables managetoeinvestigate the effects of budget
scenarios on market share and profit as well as®necommended budgets for other products
and marketing activities. Technically, the budgetdn allocation unit is exogenously set and
subtracted from the total budget. The remaininggetidés allocated according to the heuristic.

The Excel-based decision support system offersagegal tool to generate budget
allocation options and analyze these options vésipect to their economic consequences. The

tool is easy to use and flexible enough to adaptatging conditions of decision making.

5.2 Impact on Managerial Decision Making

The effort to develop and implement the budgetcallion tool had significant impact on
managerial decision making that is reflected iresavaspects.

5.2.1. Providing Structure to the Problem The suggested allocation heuristic provides
structure to a complex decision problem. 216 budgetsions arise from allocating a total
budget across six spending categories for 36 dhajsare marketed in different countries and

therapeutic areas. The market positions of thesguats are quite diverse and determined by

27



product age and competition. Depending on age gpeoted changes in the competitive and
market environment, products offer different gropttentials. As a first benefit, the allocation
rule provides the required information to solve pneblem. These information fall into three
groups. The first group refers to the effectivermsmarketing expenditures to build goodwill

and impact sales in the long run (short-run elagtand discounted carryover). The second group
includes information on a product’s contributiorptofit. This depends on the contribution
margin (price minus marginal cost) as well as ihe ef the revenue base. The third group
emphasizes the growth expectations of the prodtuetes information on where the product
stands in its life cycle.

5.2.2. Providing Solution to the ProblemWhile management had a good understanding
of the type of information required for budget dsans it benefited much from the new insights
offered by the heuristic. Specifically, the allaoatrule suggests that information on (1) long-
term marketing effectiveness, (2) profit contriloati and (3) growth potential are to be combined
in a multiplicative fashion. Implications from thisle are straightforward. (1) Products that
generate more incremental sales with the same bstigald get a larger slice of the total budget.
Of course, relative incremental sales tend to declis sales and budgets increase due to
saturation effects. The budget ratio of two produetlects their ratio in terms of sales elasticity
(2) The same principle of proportionality applieghe size of sales or profit contribution,
respectively. Products with a higher level of grobntribution generate more financial resources
to cover their own marketing expenditures and douate more to overall profits. (3) Marketing
should support growing and not declining productd shift resources over the life cycle.

The rule also teaches that the drivers of a préslaetar-optimal budget share interact
with each other, i.e. there exist synergies betwiem. Finally, it makes the tradeoffs in budget

allocation transparent. For example, a product wigih marketing effectiveness but a low profit
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contribution level could get a lower budget thggr@duct with a high level of profit contribution
but lower marketing effectiveness. Even though pnatiuct’s spending is less effective it may
still contribute more to overall profit becausatsflarger sales base.

5.2.3. Understanding the Limitations of Separate ROAnalysis. Management was
initially very focused on comparing incremental R@Hat result from raising/decreasing
marketing expenditures for individual products amalketing activities (hereafter denoted as
separate ROI analysis). Profit calculations witk dlocation tool quickly revealed the
limitations of such an analysis. First, separaté &@lyses for individual marketing activities do
not consider synergies between marketing activitiesinteract with each other. Profit
simulations for several brands, for example, shotkatithe ROI of a 10% budget increase in a
specific spending category is negative but turrstpe if the budget increase is accompanied by
a reallocation across the different spending categoHence, the synergy between marketing
activities is only exploited by the allocation histic but not by separate ROI considerations.
Second, separate ROl analyses do not considerattie-0ffs that exist with respect to potential
profit improvements by other products and actigitieor example, even though simulated ROIs
for a few products were positive the allocationrstic suggested reducing the current budget on
these products. The reason is that free budgetires®were transferred to other products where
the incremental return was even higher. Third, spa&ROI analyses do not inform about the
magnitude of budget changes for products and &esyigiven a fixed total budget. Marginal
returns analysis teaches that it should be incdeastl ROI gets zero. However, if other
products’ budgets are also raised it may exceetbthkbudget constraint. The allocation

heuristic produces exact results for the recommeatiecation of a fixed budget within one step.
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5.3 Organizational Impact

The introduction of the allocation tool had a coesable impact on the organization. The
project was part of a larger effort that aimedeaising the organization’s tools and processes to
evaluate marketing initiatives in terms of themancial implications. This effort had the full
attention of the managing board of Bayer. Budgetsilens are often associated with several
rounds of intensive discussions that follow a botiagp process, i.e. product and country
managers communicate their budget needs for thieyeax upwards. Budget discussions in
companies are probably never fully free of poligegl individual agendas. The allocation tool
adds an independent, top-down perspective. Sinsesitictly based on a range of verifiable input
information its recommendations are fully fact-lwhs&ssumptions about marketing
effectiveness and other drivers may be discusdeeir implications for budget allocation are
immediately transparent through application ofttt@. Because of its transparency and top-
down perspective, the allocation tool ameliorakesdecision process that often appears
emotional and inefficient.

Although the allocation tool is not the only souused by Bayer to generate budget
options, it has significantly improved the efficogrand quality of the decision process. The
project contributed substantially to an organizadidransformation that eventually resulted into
the creation of a completely new marketing intelfige unit called Global Business Support.
This unit supports global marketing managementsahel including the global management
board with tools, results, and recommendations fimore efficient and effective use of

marketing resources.

30



5.4 Strategic Impact

Application of the tool initiated an important d&gic discussion within the firm. The
results suggested that some older products whithald a strong position in sizable markets
did not get sufficient marketing resources anymaohe allocation tool showed a substantial
profit improvement potential from shifting more oesces to these older products.

The results also initiated a discussion aboutdhgets of sales calls and the relevance of
accompanying marketing activities. In terms of ésgthe results suggested to reconsider the
strong focus on specialists. It seemed that dimgteer frequency of sales calls at specialists by
competitors, effectiveness is lower relative tesalalls at general practitioners. Consequently,
the tool proposed to reallocate resources amorggttveo target groups. In addition, the results
suggested that the potential of accompanying aesvsuch as meeting invitations and OME

were not fully exploited, yet.

5.5 Financial Impact

The tool enables the user to simulate the finaneiphct of different budget allocation
options. By analyzing the simulation results, i\pdes transparency about the impact of
different assumptions on financial results. Basedhe year 2007, the simulation suggested an
increase in discounted profits of 55% over the figetyears due to an optimized allocation. This
is worth of EUR 493 m. In contrast, changing theralt budget by 20% promised a profit impact
of less than 5%. Even if only a small portion aétimcrease can be realized, the additional profit
for a business unit such as Primary Care with EURR @orldwide sales is substantial.

Actual profit improvements are hard to evaluatest-imanagement did not completely
follow the suggested reallocation by the tool feveral reasons (e.g., varying personal

experiences, concerns about errors in IMS dat&pr&k activities by competitors and exogenous
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influences on market dynamics impact profit resiNisvertheless, the business area Bayer
HealthCare reports an increase in EBIT of 12% (EJJB m) compared to a 4% revenue increase
for the year 2008 (Bayer 2009). Although we haveraalation from a field test, these results

are consistent with prior observations that reallion really focuses on the bottom-line.

5.6 Generalizability

Although the tool was applied to prescription drugsemphasize that it is suitable for
many other industries such as consumer durablesuaoter packaged goods, etc. In all these
markets, rich information is available at the aggte product level that allows the calibration of
market response models. But even if data on mawgketifectiveness, carryover, etc. cannot be
estimated with aggregate market response modéks; data and methods including choice
models and managerial experiments are availalierterate the required input data for
allocation. In this respect, we are not aware loghdation to apply the allocation heuristic in

other industries.

6. Conclusions, Limitations, and Future Research

In this paper, we suggest an innovative approaeiidoate a global marketing budget
across countries, products, and marketing actsviBased on the theoretical solution to the
dynamic optimization problem, we derive a simplé dmmprehensive heuristic that accounts for
dynamics in marketing effects and product growttsupgests to allocate a budget proportionally
to the size of the business (sales and profit dmriton margin), the effectiveness of the
marketing activities (short-term elasticity andrgawer coefficient), and the growth potential of
the product (growth multiplier accounting for timdisscounting). A simulation study demonstrates
that the heuristic quickly converges to the optis@ution under both monopoly and competitive

conditions. The implementation of the heuristiBayer had various significant impacts on the
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organization. It revealed substantial profit impgment potentials by reallocating marketing
resources for the Primary Care business unitsdt ehproved the quality and efficiency of the

budget allocation process and contributed to omgdiamnal change.

Our research has limitations that may stimulatergitesearch. First, we have analyzed
budget allocation issues under the assumptiorspgaific response function which has been
found to best represent the data in this studyolild be interesting to extend the application to
other response functions including different grofuthctions. Second, our simulation study
covers only a limited range of conditions. Addi@bionditions such as more competitors and
errors in input data may be analyzed and the nuwfsrenarios extended. It would also be good
to understand which conditions have a criticaluafice on the performance of the heuristic.
Third, the tool may be extended to compute unagstdiounds for recommended budget and
market share and profit simulations. This would adak-analysis perspective to the application.
Finally, we note that our research lacks an expamtal field test that is hard to implement in a
global portfolio worth of EUR 3 bn. Future applicats to smaller portfolios might, however,
overcome this limitation and test the superiorityhe suggested heuristic. Finally, we assume
that the overall marketing budget is set exogerolusiless the budget level is optimal, there is
still profit improvement potential. The flat maximuprinciple, however, suggests that this
potential is very small, provided the budget isvgithin a reasonable wide range around the true

optimal level (Tull et al. 1986).
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Appendix

1. Derivation of Theoretical Allocation Solution fa Arbitrary Growth and Response
Functions

We consider the constrained dynamic profit maxitndraproblem as stated in Equations (3)-
(3.3). We assume that the sales function in Eqodtis twice differentiable ihandS. Note that

it is sufficient to maximize profit contribution fe¥e marketing cost because these cost are fixed
by the total budget and thus not relevant to therepation. Using the state variable equation
(3.2) to substitutey, in the objective function (3), we can write théddwing Lagrange objective
functional

' dSan
L= tT:oe t{[ZkDKZiDIk( R = Gi) q‘i}”‘( R-2 ek ZiDIanDNl jf[ * Sin %n} dt(A.1)

Note that the budget constraint (3.1) has to bidléd in each period, which may entail a time-
varying Lagrange multiplier. A solution requiredwog the1+>  _ > |N,| Euler-Lagrange

equations, which constitute the first-order cormafis
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OkOK, iOl,,nON; tO[0T]

and

oF _
67_0, otof[ o], (A.2D)

dSn

where F (t, Sin» o

correspond to the optimal solution for the marlkgtidget. Note that each competitor has to
satisfy these conditions under Nash competitiore fEguired derivatives to solve (A.2a) are

,)IDJis the Lagrangean integrand and the star indichtgssariable values

OF _ (i _a)9% _ ;s
asnin_e [( R q“)ann Adin (A.3a)
oOF .
0(dSn/ df e (A.3b)
d oF _ o n
T (N R (A.30
Setting (A.3c) equal to (A.3a) yields
A0
(pki—%)ag:'n:/‘(”%)- (A.4)

From Equation (1), we obtain

00y _ Ofy o+ 00yi i
| |
ann ann 6$in
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that may be expanded into
0% _ Ofig Singy ¢ 1 , 90 Rin

1
i 'Ki f i Oki
as.<in ann f(i “ qin 0 %n g e §n (A.5)
Ei(q \FE K
( f(Si) = d $n) )Sm
Inserting (A.5) into (A.4) and solving fdﬁ(in yields
. _(pki—%)dﬁ(gf(sgn)*fg(gn)) e
LG -
We multiply both sides of Equation (A.6) widlk, and use the identities
5kinSI%n = )Ein— d§m/ d, ykin = 1-kin, Ef(XkDm) = Jgf(sfm)’ and Eg()ﬁn) = Jé‘g( 3jm) to obtain
(P~ i) OE( ) g )
XEI’] = N I (Xk'" g '“ dSEn (A7)

/]( +1- ykm)
wherey measures the carryover coefficient aeqfexku ) and Eg()sli ) are (short-term) sales

elasticities with respect to marketing expenditures
Recall that the budget constraint is binding ansltbébe satisfied in the optimum, i.e.

R= ZKDK Zim anN_ Xan» OtO[0, T]. Since this constraint also applies to the entbfeSnt

is free but only within the constraint. This tuthe problem into a fixed-endpoint problem and
we do not need a general transversality condiffoom (A.7), we obtain the optimal share of the
budget that is allocated to marketing activitgf product in countryk by

(P —G4) o (ff(xgm) +fg(x3n))

Xin - (r 1= Vn) (A8)

R (Pi-g ) erpe) +e ds,,
S Zin Zoon, (H(l_(;“f;)) s,z 5 e, 220

1ds; -
+E%’ OkOK,iOl nON; tOf or] ,

which is equivalent to Equation (4).
From the budget constraint, we know that the follmplinear restriction must hold
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0
ZkDKZileZnDNl%:
(P4 —4) o (5f(x5n) +£9(*3n))

(r+1- ¥an)
D22
ZmKZjD,szNJ (=S )‘“D(ff(x?m)*f )

(r +1—y,jm)

dSjm
/]ZIDK Z]D ZmI:JN l

5 ZkDKZEII Zn[IN dSEn =

Ina typlcal product portfolio that includes sevgmaducts of different ages and therefore
different levels of marketing activity stocks, sostecks will increase and others will decrease
from one period to the next because the total biutdgee allocated is limited. For a fairly large
number of allocations units, which are definechattountry-product-marketing activity level,

gains and losses in stocks tend to cancel each atieso thatkaKZim ZnDN_ dsgn/dtDO,
withk=1, ...l, ... K;i=1, ...,j, ..., Ix,andn =1, ....m, ..., N;. As a result, we have

(w—QJf((&Wfd%»

0
Xk' _ (r +1_yk' )
szKzileZnDNi Rm —ZkZiZn N 1,
(p,-—q-)cdj(e S\ HE )
s v oy WTSFE() M)
i IOK &= j00, Z=mON, (r +1‘V|jm)
and obtain a solution for the optimal budget shiag¢ is very close to (A.8)

Ko (=) #1201 ) a9
R 2k ZjEIIZmDNj(p” ~G )Q]D(Ef(x?m) +£g(>§m))/(r+1_Jffm )

Since we also need to satisfy the conditigh = 0 that is violated e () * €g(x,) <O and

£g(>€ ) <0, the optimal marketing budget for marketing a¢yivi of producti in countryk is

given by
M I 0
0 aX{V\E” } R OkOK, iJ k., n0 N, 0] 0,T
ik 2o, ZmDNj Max{ - 0} (A.10)

r+1- Viin
which is equivalent to Equation (5).
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The solution establishes a global maximum becéawséntegrandr [t, Din,df” ,ADJ is
concave inS; and dsﬁn/ dt. For a fixed-endpoint problem, the Euler-Lagra&geations

(A.2a) and (A.2b) are sufficient for an absolutexmam (Kamien and Schwartz 1991).

2. Parametric Growth Model

Consistent with (6), we consider the following paedric growth model
g (t)=at?e ™, witha ,a,p> 0andt 0 [0,®). (A.10)

Equivalence with the Gamma Distribution The p.d.f. of a gamma distributed random variable
t is defined as follows
AU

gammg } :W (A.11)

wheregandd are characteristic parameters that define theesbfhe distribution. Let the
a+l

parametersr, a, andb of (A.9) be defined agt =——
r(a+1)

,a=06-1,b=¢@ Then, it can be shown
that (A.10) results into (A.11).

Properties of Cumulative SalesLet (A.10) measure unit sales. We obtain cunmvgasiales over
the total lifetime of produdtby solving the integral
] _ ) +1 .
CumSales=a. Ej't"* e dt=q d’(a,i) with a;, &, by > 0. (A.12)
0

3+l
b

Let a —h =@ measure the distance in growth parameters fdubstitutind; for a —« in

(A.12) and differentiating this expression withpest to the distanceg) yields
dCumSales —a-
Tq:(a +)ar(a+3(a-«)"" (A13)
Expression (A.13) is always greater than zero bezall terms are greater than zero. Note that
a —@ >0 sincea;, bi> 0. Froma -h =, it follows thata; > w.
Hence, cumulative sales increase with the diffes@nt¢he growth parameteasandb. This result
also holds for discounted cumulative sales. Distingr(A.10) at rate and differentiating with
respect tay leads to
dCumSales_

dw

(a+dar(a+)(a-w+n"". (A.14)
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Figure 1 lllustrative product life cycles for difent marketing investment levels (see Equation 7)

—e— Low marketing investment —&— High marketing investment |

Sales 10
(in 000) 9
. ){/F':'\.\-\-\-\-\
7
6 Cumulative sales = 198,328
5 /
3 —g
) // Cumulative sales = 131,745
1 4
O =1 T T T T T
0 5 10 15 20 25
Years

Growth parameters in low investment case: a=1.1, b =.10 (scale parameter o = 1)
Growth parameters in high investment case: a =1.6, b = .15 (scale parameter a = 1)

Figure 2 Performance of heuristic rule relativeptimal solution

Degree of suboptimality Match with optimal budget
(discounted profits over 5 years) allocation
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Note: Data points represent averages from 16 experimental situations, 8 under monopoly and 8 under duopoly condition.
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Table 1 Descriptive statistics

Antidiabetes Hypertension Erectile Antiinfectives
dysfunction
Mean SD Mean SD Mean SD Mean SD
Unit sales in thousand standard units 16,329,674 11,891 16,649 1,008 649 5291 8,004
Elapsed time since launch in years 14.502.69 10.00 7.42 2.75 1.91 12.25 10.45
Order of entry (Median) 3 4 2 3
Price in EUR per standard unit 16 .26 .50 2.96 7.00 48 2.01 1.97
Marketing stock variables
Detailing at general practitioners 22,519 36,566 64,595 87,134 55,026 30,326 44,259 34,930
in thousand EUR
Detailing at specialists in thousand EUR 2,084,068 8,803 13,701 14,498 12,771 10,380 11,353
Detailing at pharmacies in thousand EUR 588,453 1,930 3,039 2 1,766 2,598
Professional journal advertising 149 341 b 458 502 165 295
in thousand EUR
Meeting invitations in thousand EUR 7302,030 1,361 3,062 3,884 2,481 471 837
Other marketing expenditures in thousand b 2,558 9,278 3,912 4,404 2
EUR
# of countries 5 5 5 5
# of subcategories 6 10 1 12
f# of products 104 306 15 100
# of observations
2,398 7,908 233 2,916

Notes: All units and EUR figures are on a quartedgis. The marketing sto&, for activityn of drugi in countryk and period is defined as

Si = z;zo(l—dm)r Xqe» Wheredra is the quarterly decay rate, specific for eachapeutic ared A, andx measures the marketing expenditures. We used a

numerical search algorithm to estimate the decaffictent in a first-stage non-linear regressioregiation (11) that minimizes the residual sumopfeses.
Due to the complexity of our model, we could ordgmtify decay parameters at the level of the therip area. With better data, a brand- and margetin
activity-specific parameter may be obtained. Ifdig not observe initial stocks we imputed the figarter by dividing the average quarterly expandg of the

first observed year by the decay coefficient.
Y Spending category was only rarely used by firms.



Table 2a Estimation results for market responseaisd@&quation 11): Antidiabetes and Hypertensidegaries

Antidiabetes Hypertension
Est. Para- Standard Est. Para- Standar Est. Para-  Standard Est. Para- Standard
meter error meter SD  d error meter error meter SD error
Constant 5.32 (.202) .904 (.019) 9.06 (.154) 81.49.021)
Ln(elapsed time since launch) x total .225x10° (.155x10') 897x10  (.470x10°)
marketing stock
Elapsed time since launch x total -531x10° (.598x10) -503x10 (.383x10')
marketing stock
Ln(own price) -.597 (.026) -911 (.013)
Ln(average competitor price) -.449 (.024) -.049 (.018)
Ln(order of entry) -.256 (.016) -.225 (.011)
Marketing stock variables
Category-specific carryover .57 .78
coefficient (annual level)
Ln(detailing at general practitioners) .103 (.005) .046 (.004) .193 (.004) .100 (.003)
Ln(detailing at specialists) .016 (.007) .089 &pO .047 (.004) .085 (.003)
Ln(detailing at pharmacies) .035 (.005) .034 ()003 .035 (.003) .070 (.003)
Ln(professional journal advertising) .060 (.010) .032 (.006) H
Ln(meeting invitations) .023  (.006) .030 (.005) .019 (.003) .016 (.003)
Ln(other marketing expenditures) H .001 (.003)° .033  (.002)
Ln(cumulative competitive marketing -.008 (015§ -.224 (.011)
expenditures)
Log Likelihood -11,859.02 -52,608.69
Pseudo R? .949 .933
# of observations 2,398 7,908
# of products 104 306

Notes NS = not significantg > .05). Product-specific parameter estimates ByeB brands cannot be shown for confidentialitgoes. Effects for country
dummies and seasonal dummies are not shown buitecahtained from the authors upon request.
Y Spending category was only rarely used by firms.
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Table 2b Estimation results for market responseatso@Equation 11): Erectile dysfunction and Anticiives categories

Antiinfectives

Erectile dysfunction

Est. Para- Standard Est. Para- Standard Est. Para- Standard Est. Para- Standard
meter error meter SD error meter error meter SD error
Constant 8.95 (.216) 1.50 (.054) 138 (.696) 2.84 (.315)
Ln(elapsed time since launch) x total .133x10" (.885x10") A77 (130§
marketing stock
Elapsed time since launch x total -.299x10° (.516x10) -.036 (.017y
marketing stock
Ln(own price) -.803 (.070) -.848 (.255)
Ln(average competitor price) -.023 (.083) D
Ln(order of entry) -.267 (.011)
Pioneer dummy 540 (.109)
Marketing stock variables
Category-specific carryover .33 .52
coefficient (annual level)
Ln(detailing at general practitioners) .254 (.009) .107  (.007) 464 (.042) 201 (.049)
Ln(detailing at specialists) .032 (.005) .029 4p0 .080 (.031) .032  (.0285
Ln(detailing at pharmacies) .035 (.004) .021 ()003 2)
Ln(professional journal advertising) .026 (.004) .037 (.003) .079 (.034) .075 (.023)
Ln(meeting invitations) .004 (.00%) .011 (.003) .059 (.04%% .080 (.042)°
Ln(other marketing expenditures) 2 .034 (.014) .032 (.012)
Ln(cumulative competitive marketing -273 (.014) -.007 (.008%
expenditures)
Log Likelihood -3,851.37 -50.63
Pseudo R2 .972 973
# of observations 2,916 233
# of products 100 15

Notes NS = not significantg > .05). Product-specific parameter estimates ByeB brands cannot be shown for confidentialitgoes. Effects for country

dummies and seasonal dummies are not shown butecahbtained from the authors upon request.

Y Due to the small number of observations and éssmtcollinearity issues we were unable to fitededl that includes competitor price and interactiofithe
elapsed-time-since-launch variables with total ratrlg stock. Therefore, results do not reflectritéons but main effects of elapsed time sincadau

% Spending category was only rarely used by firms.
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