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Synopsis

SYNOPSIS

Overview

The general topic of this cumulative dissertatiod ¢hus the linking theme for all papers is

the analysis of the marketing budget process. mnsary, this work contains four papers

which allow for a comprehensive study of marketngigeting, including a descriptive and

normative analysis. The four papers are outlinetable 1.

Table 1. Overview of Dissertation Projects

No. Author(s) Title Journal Ranking Status
Nils Determinanten der Zeitschrift B’ Revision
Wagner Marketingbudgetierung: fur completed;
Was wissen wir Betriebs- 3 ready to
daruber? wirtschaft submit for
2" round
2 Nils An Empirical Analysis | Journal of A+ Prepared to
Wagner and of the Use of Marketing submit to
Marc Practitioner Rules for | Research 1% journal
Fischer Setting the Product
Marketing Budget
3 Marc Dynamic Marketing Marketing A+ Published
Fischer, Budget Allocation Science
Sonke across Countries, 1%
Albers, Nils| Products, and
Wagner and Marketing Activities
Monika
Frie
4 Sonke Investigating the Marketing A+’ Prepared to
Albers, Nils| Performance of Budget Science submit to
Wagner and Allocation Rules: A 1% journal
Marc Monte Carlo Study
Fischer
" Ranking according to VHB-JOURQUAL 2.1 (2011)
# Ranking according to the ‘Kélner Liste der Facksmiriften’:
1. ‘Internationale Spitzenzeitschriften’, 2. ‘Hoehgige Zeitschriften’, 3. ‘Angesehe

Zeitschriften’

Marketing budgeting is one of the most importarpeass of management and of highly

relevance for business success (Miles, White andillul997). Due to rising competitive

pressure and a considerable increase in marketuggtiments the importance of this subject

has additionally grown in the last years. For tiei@son, marketing budgeting receives a huge

amount of attention by research and practitiongke.aAccordingly, it is stated in the CMO
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Council Report of 2007: ,,The number-one challengerhost chief marketing officers is to
guantify, measure, and improve the value of manieitivestments and resource allocations*.
The Marketing Science Institute (2010) set thisiesgas top research priority for the time
period 2010-2012: ,How should firms determine theaute level of marketing spending and
how should spending be allocated at the strategiel I- that is, across products, customer
groups, and geographies?”

The academic literature has been dealing with qurestregarding the marketing budget
process for a long time (Ramaseshan 1990) andfdinerthis issue has been discussed and
analyzed in multiple ways (Leeflang and Wittink BPOThe focus of this literature has been
on the allocation of budgets as previous reseafchi €t al. 1986; Chintagunta 1993) has
shown that profit improvement from better allocatie much higher than from improving the
overall budget. To give an overview of the existiitgrature we may distinguish between two
main research streams: (1) the descriptive andti€)normative analysis of marketing
budgeting.

Descriptive literature discusses the status quothef marketing budgeting process in
companies, i.e. it identifies how marketing budgets actually determined and allocated by
managers. Two types of descriptive studies havergadein the literature. The first type
covers a broad range of manager surveys about baddeehavior. They indicate that budget
decisions are mainly based on the application ofessimple budgeting rules (Lilien 1979),
such as the “Percentage of Sales” or “Competitiagty? method, which are easy to apply
and therefore be preferred by manager (Bigné 1995).these studies ignore for the high
complexity of the budgeting process and are expdseseveral biases of survey studies.
Therefore insights on the budgeting process basedswvey results are quite limited
(Armstrong and Overton 1973). The second type dculgtive studies try to explain
budgeting behavior by estimating the impact of vate factors on the observable size and
allocation of the marketing budget to identify detmants of budget setting (e.g.,
Balasubramanian and Kumar 1990; Huskamp et al.)2@)8 as all of these studies apply
highly different approaches in model design resaltsoss studies about the impact of
determinants on budgeting are characterized by Inéglrogeneity. So in summary, literature
may only provide a fuzzy and fragmented picturehow manager determine their marketing
budget.

Normative literature discusses how the marketindgleti should be determined. A large body
of work assists practitioners by developing diveapproaches for allocation optimization,

covering several aspects of resource allocation dfooverview see Shankar 2008). All of
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these solutions offer important general insights the budgeting problem but generally are
not implemented in the marketing practice as theyec only some aspects of the budget
allocation problem and/or give suggestions on budtjecation which are not understood and
therefore are not accepted by manager. For thisorearesearcher developed several
heuristics (e.g., Albers 1998) or decision calcuhglels (e.g., Little 1970) which address the
problem that optimization models cannot be welllenpented in companies and offer easy to
understand and close to optimum solutions for tmapiex allocation problem. But while all
of the heuristics are focused on short-term progiximization and thus ignore for dynamic
effects which are highly important for budget a#iton, the decision calculus models may
only give imprecise implications for budget allaoat This explains why the application of
scientific models for resource allocation by praatiers is quite rare (Bigné 1995).

The objective of this dissertation is to offer angyehensive analysis of marketing budgeting.
Therefore this work contributes to descriptive adlvas normative research by addressing
two main research gaps which exist in the liteetun terms of descriptive analysis the
existing literature provides only a fragmented ymet about influential factors in the
budgeting process. In terms of normative literattioemethod has been developed which
address the complexity of the budget allocatiok tasa multi-country, multi product-firm as
well as the need of practitioners for simple altamarules.

The first two papers of this dissertation addrdss tescriptive analysis issues by (1)
reviewing and structuring the fragmented literatofenarketing budgeting behavior, and (2)
developing an innovative approach to analyze ewxgllyi the application of budgeting
methods in pharmaceutical companies. The last tagers of this dissertation address the
normative analysis issues by (3) introducing angdl@menting an innovative solution to the
dynamic marketing allocation budget problem for tiqofoduct, multi-country firms, and (4)
analyzing and comparing the performance of diffeedlocation rules by simulation analysis.
In summary, the dissertation’s focus is to undedsthow marketing budgets are set by
practitioners, and how the allocation decision pesccan be improved. Table 2 provides an
overview of the classification and the contributiminthe four dissertation projects. The next
four sections present the research objectives;oitéributions, and the main results of each

research project of this dissertation.
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Table 2. Overview of contribution and classificatio of dissertation projects

Perspective on Type of main

Paper budgeting processKey research question | contribution
Determinanten der Descriptive What do we know on | Literature
Marketingbudgetierung: budgeting practices from review
Was wissen wir dartber® the literature?
An Empirical Analysis of| Descriptive How do companies Empirical
the Use of Practitioner actually set their product
Rules for Setting the budgets?
Product Marketing
Budget
Dynamic Marketing Normative How can the budget Theoretical-
Budget Allocation across allocation process ina | emprirical
Countries, Products, and multinational company
Marketing Activities be improved and

implemented?
Investigating the Normative How well do budget Theoretical-
Performance of Budget setting rules perform? | simulation
Allocation Rules: A
Monte Carlo Study

1. Project: Determinanten der Marketingbudgetierung

Was wissen wir dartiiber?

The project “Determinanten der MarketingbudgetigrunNVas wissen wir dartber?”
[‘Determinants of Marketing Budgeting: What do weokv?”] reviews the large body of
empirical studies which consider influential fast@n marketing budgeting behavior.

As pointed out in the introductory discussion, tharketing budgeting process in companies
has been analyzed extensively and in multiple wkyspirical studies show that marketing
budget decisions of managers are in general fan tiee optimal solution (Naik, Raman and
Winer 2005; Manchanda, Rossi and Chintagunta 280¥ha and Zoltners 2001) which raise
the question how manager determine their budgétads But empirical studies on budgeting
behavior provide highly heterogeneous results aedbased on different concepts of how
budgets are determined. This complicates a totak\on the marketing budgeting practice
and its influential factors. That motivates our jpod in which we review the fragmented
literature regarding empirical results on determtsaof marketing budgeting in order to
derive empirical generalizations about factors Wwhitetermine the size and allocation of
marketing budgets in companies. Furthermore, wetwangive suggestions for future

research.
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The review of the descriptive literature indicatieat the determination of marketing budgets
follows a complex decision process which is inflcesh by several factors. In particular, it is
highly exposed to political influences within thengpany so that the measurement of the
impact of influential factors is very complicateRi€rcy 1986). Basically, surveys among
managers identify simple budgeting methods, sucliPascentage of Sales”, which are
applied for determining the marketing budget. They preferred in practice as they are easy
to understand and to implement. But these methadsiat explain fully the final budget
decision. In addition, we see a significant impaaot the level and the allocation of the
marketing budget by several factors, such as coyapgoroduct-, or market-specific
characteristics. Moreover, we observe that moghese factors have an indirect impact on
budgeting behavior as well by influencing the cleoat the applied budgeting method. This
project aggregates all empirical results and tloeeeprovides empirical generalizations about
the impact of determinants on marketing budgeting.

Summarizing the key results, we find a higher m@ankeintensity for products of high quality,
and product classes characterized by a low purctiegaency. Similarly, large companies
which dominate the market and/or are characteribgda high involvement of top
management into the budgeting process show a lavagketing intensity. We also find a
strong competition orientation by managers resgliim more marketing spending due to
intense competitive marketing spending. In termsygblied budgeting methods, large and
profitable firms rather apply more sophisticatedhmods, such as “Objective and Task”.

But the reviewed empirical results should be coergid with caution. Most studies on
budgeting behavior ignore very often for theordticantributions so that models are
incomplete and results are not related to normalitezature on marketing budgeting.
Particularly, all studies are generally descriptiveich does not allow the derivation of any
managerial implications. In addition, the formatiaa of certain effects differs across studies
which complicate a comparison of the results. Wbard to methodology the studies vary
further in terms of study design, analysis methodl dample which may explain the
heterogeneity in results across studies. Moredber studies are exposed to several biases,
such as single source bias or simultaneity probl&gainst this background, this project tries
to examine the sources of heterogeneity in thelteesn order to provide empirical
generalizations about the impact of determinantsarketing budgeting.
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2. Project: An Empirical Analysis of the Use of Pratitioner Rules for

Setting the Product Marketing Budget

This paper is a joint research project with Marscher (University of Cologne). In this
project we analyze the application of rules in tharketing budget allocation process of
companies by developing a conceptual frameworkahatvs the estimation of the impact of
practitioners’ rules on the marketing outcome.

A review of 26 studies published since 1975 on achudgeting behavior of firms from
different countries and from diverse industriessistently shows that managers apply simple
rules for allocation of marketing budgets. Accodlito their focus these methods may be
categorized into sales-oriented methods, such asxcéRtage of Sales”, competition-oriented
methods, such as “Competitive Parity”, and profiented methods, such as “Objective and
Task”. These rules are preferred by practitionesstteey are easy to understand and to
implement.

But almost all insights into application of budgetirules are based on manager surveys.
These studies offer a good first insight into tle¢edmination of budgets, but lack of validity
because they are exposed to several biases arat goonide detailed information about how
much and to what extent managers follow budgetirigst or under which conditions they
change applied rules (Mitchell 1993). We want tdrads these gaps in existing literature by
providing answers to the following questions: (1h&Vis the influence of each of the three
budgeting methods of sales-, competition-, and ipooiented methods, on the budget
decision?, (2) Are there differences in applicatammoss companies?, and (3) Which factors
or conditions favor the use of some rules overrsthe

For this purpose, this project addresses the metbgital problems of manager surveys by
introducing an innovative analysis approach whicyrallow the identification of the impact
of budgeting rules on the final budget decisionildng on previous research we develop a
conceptual framework which relates the marketingget of a product to the most frequently
used practitioners’ rules identified by surveyritieire research. As we formulate a random
parameter model we are able to estimate the influenf each budgeting rule in each
company simultaneously. Additionally, we integrateomprehensive set of determinants as
moderators to identify the conditions which favbe tuse of some rules over others. Our
budgeting model is estimated with aggregate datdhatbrand level in the European
pharmaceutical market which is an adequate dafaseiur purpose due to its marketing-

intensity.
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Our analysis reveals important insights about btidgebehavior by analyzing the true
application of budgeting rules. We find empiricaipport for the application of all three
categories of budgeting rules. But the impact am rirarketing budget varies significantly
across brands which indicate that they are apptiedifferent ways. More specifically, we
find that for 81.2% of brands sales-oriented meshddr 53.2% of brands competition-
oriented methods and for 40.5% of brands profiéraied methods are applied. Our estimation
results regarding the application of sales-oriemethods are in line with survey studies (e.g.,
Bigné 1995). But our study shows that the focuxampetition is clearly underestimated by
managers, while the focus on profit-oriented meshisdoverstated. So our study shows that
the budgeting behavior of managers is much motaaented by competitors than expected,
while budgeting methods derived from profit maxiatisn are less applied. This finding
contradicts one of the main assumptions of strattmodeling.

Finally, our results indicate that the applicatadrspecific budgeting rules is affected by some
moderating effects. Summarizing the main result®wf moderator analysis, we find that
sales- and profit-oriented methods are rather pedeby dominant firms. The application of
profit-oriented methods particularly dominates ifghty competitive markets when an
expiring patent status enhances competitive interesid therefore increases the need for
sophisticated budgeting. On the contrary, comppeatitriented methods are preferred in the
early stages of the life cycle when it is importdot create awareness and to obtain

distribution in the market.

3. Project: Dynamic Marketing Budget Allocation across Countries,

Products, and Marketing Activities

This paper is a joint research project with Marscher (University of Cologne), Sonke
Albers (Kihne Logistics University), and Monika &1{Bayer Schering Pharma AG). In this
project we develop a heuristic solution for the pter budget allocation problem which is
easy to understand and gives close to optimalieakut Further, we implement the proposed
allocation rule in the company of Bayer to suppoanagement in the budgeting process and
improve the allocation decision. Our paper was de@rwith the “ISMS-MSI Marketing
Science Practice Prize 2009-2010" for outstandmglémentation of marketing science
concepts and methods in practice.

The task of marketing budget allocation is charae by high complexity. As companies
generally offer a broad product portfolio to cuseym from various countries and use a

variety of communication channels they have tocalte their fixed global annual marketing



Synopsis 8

budget across countries, products, and communicaaivities. For many firms this task
requires the determination of individual budgetstfandreds of allocation units. But to find
the optimal allocation solution an evaluation a# impact of marketing investment decisions
on future cash flows is necessary which is paridylcomplicated as the total impact of
marketing on sales often fully unfolds in futureipds.

To simplify the marketing budget allocation problemnager prefer to apply simple rules as
shown in the descriptive analysis part of this @ition. Unfortunately, these rules lead to
suboptimal budget allocations as they ignore migitipformation. Based on this background,
we (1) introduce an innovative and feasible sofutio the dynamic marketing budget
allocation problem for multi-product, multi-countfiyms, (2) derive the heuristic allocation
rule from optimal solution and explain it in defaiB) implement the allocation rule in the
company of Bayer, and (4) discuss the impact omtaeketing budgeting practice at Bayer.
Our dynamic allocation rule proposes a budget atlon across the portfolio based on the
three factors of (1) long-term effectiveness of keéing investments in the focal product, (2)
profit contribution of the focal product, and (8ktfocal product’s growth expectations. It is
suggested to be close to optimum while being easynderstand and to implement. For
implementation into the company of Bayer, we depetb a Decision Support Tool that
integrates the proposed allocation heuristic imoExcel-based software program which
produces a recommendation for the allocation otated marketing budget.

Together with the management of Bayer, we implestrthe heuristic for the product
portfolio of Bayer’'s Primary Care business unitisTportfolio includes 36 products from four
strategic therapeutic areas that are marketed wuwldd including diabetes, hypertension,
erectile dysfunction, and infectious diseases. Maeket positions of these products are quite
diverse and determined by product age and competibepending on age and expected
changes in the competitive and market environng@ogucts offer different growth potentials.
In addition, product managers can choose amongliferent types of marketing activities,
such as detailing or print advertising. Hence,dhallenge for the management was to find a
balance in the allocation of marketing resources trades off the size of the business, the
growth expectations, and eventually the effectigsnef marketing expenditures. The main
objective of this project was to improve the pracasd results of annual budget allocation in
order to maximize discounted profits from the prddportfolio over a planning horizon of
five years.

The implementation of the heuristic at Bayer hadiows significant impacts on the

organization that is reflected in several aspdétst, it initiated an important change in the



Synopsis 9

understanding of the allocation task by providitrgc&ture and solution to a complex decision
problem and giving information about product’s cdnition to profit, growth expectations of
the product, and effectiveness of marketing expganes across the portfolio. Second, the tool
contributes to a reorganization of the bottom-uipedr budget allocation process by adding
an independent, top-down perspective that eventuadbulted into the creation of a
completely new marketing intelligence unit calledoléal Business Support. Third, the
application of the tool initiated an important sdgic discussion within the firm which
affected a shift of more resources to older praglaod among several marketing activities. In
summary, the empirical application revealed a profprovement potential of more than 50%
or nearly EUR 500 million of incremental discountash flows over the next five years.

4. Project: Investigating the Performance of BudgeAllocation Rules:
A Monte Carlo Study

This paper is a joint research project with Sonkieefs (Kihne Logistics University), and
Marc Fischer (University of Cologne). In this prajewe analyze and compare the
performance of different allocation rules by conthga comprehensive simulation study.
The review of budgeting literature identifies a adwgariety of different marketing budget
allocation approaches which are characterized figrdnt degrees of complexity. We find
sophisticated optimization approaches provided tgdamics as well as simple ‘rules of
thumb’ which are preferred by practitioners becatis®y are easier to understand and to
implement. Nevertheless, literature does not pm\adsystematic analysis how these rules
perform in different market environments so thatec@enot derive implications about which
budgeting approach should be preferred in spetificket scenarios.

This motivates our study in which we analyze undbBanging market conditions the
performance of several allocation rules which anaracterized by different complexity.
Specifically, we apply the naive solution of an @qdistribution of the budget across the
product portfolio, the common practitioners’ rule“Bercentage of Sales” which proposes to
allocate the budget proportional to the sales sbftiee product, the heuristic by Fischer et al.
(2011) which has been developed by academics Wuprstvides transparent solutions, and
the numerical optimization approach. The evaluatibthe performance of the four allocation
rules is based on profit measures gained by apigicaf these allocation rules compared to
the optimal solution.

To test the near-optimality of the allocation rubeswell as their convergence properties (if

they converge to the optimal solution) we conduatoaprehensive simulation study by
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generating a multitude of different market scersiio which we apply the four allocation
approaches. In simulated experiments all parametaes are known a priori which allows us
to analyze the performance of the heuristic exad¥e manipulate all factors which are
contained in the dynamic profit maximization prahlen which our simulation experiment is
based in order to obtain generalizable results tath@uperformance of the included allocation
rules. Afterwards, we reconduct our simulation expent by imposing an error on all
parameters of interest which are unobservable rieafistic setting in order to analyze the
sensitivity of the different rules to estimatiomagr Finally, we estimate some meta-models to
identify the factors which influence the robustnasd the convergence properties of the rules
by regressing the performance outcomes on the atronlfactors (Kleijnen and Groenendaal
1992, 149 et seq.).

We find that the “Percentage of Sales” rule ouiprant a naive solution of equal distribution,
but that the solutions provided by the rule by Rescet al. are far superior to the other rules
and are robust to all changes in the simulationgdesn the scenarios in which we assume
that the unobservable parameters are not affegtedtimation error the rule by Fischer et al.
provides already after the first application saos which deviate only 2% from the
theoretical optimum on average and converges adielsvfast to optimality, while the
solutions of “Percentage of Sales” diverge abowo,1@nd of the equal distribution about
20% from the optimal solution. Further, if we expdbe unobservable demand parameter to
estimation error the performance of the rule byclkes et al. is only affected marginally.
Compared to numerical optimization, we see thaimiost scenarios the rule may even
outperform this mathematical optimization solutishich is exposed to biased parameters as
well, but appears to be much more sensitive toimess in the parameters. This finding also
contradicts conventional wisdom which holds thgtubing simpler heuristics than numerical
optimization the allocation solution are achievedha expense of poorer profit performance
(Blackburn and Millen 1980). Similarly, the allomat solutions based on the rule by Fischer
et al. are in all scenarios significantly betteartlthe application of the simpler rules of equal
distribution and “Percentage of Sales” which do imabrporate any unobservable demand
parameters and therefore are not exposed to estimeator.

In summary, we find strong support for the applaratof the heuristic by Fischer et al.
because it provides consistently far superior smigt in terms of profit maximization
compared to simpler rules, such as equal distobutr “Percentage of Sales”, on the one side,

and they are not as sensitive to estimation egarumnerical optimization on the other side.
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Determinanten der Marketingbudgetierung:
Was wissen wir daruber?

Autor: Nils Wagner
Unter Begutachtung (2.Rund&jeitschrift fiir Betriebswirtschaft

Zusammenfassung

Das Marketingbudgetierungsverhalten von Unternehmerde in der Marketingforschung

intensiv und breit untersucht. Empirische Untersingfen weisen darauf hin, dass die
Bestimmung des Marketingbudgets einem komplexersdaeidungsprozess folgt und von
einer Vielzahl von Determinanten beeinflusst wigdtundsatzlich offenbaren Umfragen unter
Managern, dass das Marketingbudget nach simpleng&iglungsmethoden, wie z. B.

Prozent-vom-Umsatz, bestimmt wird. Allerdings kargie Zusammensetzung von

Marketingbudgets nur zum Teil auf diese Methodetickgefihrt werden. So konnte fir eine
Vielzahl von Faktoren ein direkter Einfluss auf didohe und die Verteilung des

Marketingbudgets nachgewiesen werden. Zusatzlittermaiele Determinanten auch einen
indirekten Einfluss auf die Marketingbudgetierumgdem sie die Wahl der angewendeten
Budgetierungsmethode beeinflussen. In dieser Studiden die Ergebnisse der empirischen
Forschung zum Marketingbudgetierungsverhalten zosamgefuhrt, systematisch dargestellt
und kritisch betrachtet. Im Besonderen lasst sicemn existierenden Studien kritisieren, dass
diese das Budgetierungsverhalten nicht struktusglhdern nur Gber ad hoc formulierte

Beziehungsgeflechte, abbilden und dabei wesenthAdpekte der Budgetierung ignorieren.

Abstract

The marketing budgeting process in companies i/ze@ extensively in marketing research.
Empirical studies indicate that the determinatidnmarketing budgets follows a complex
decision process which is influenced by a multitedalifferent factors. Basically, surveys
among managers identify simple budgeting methaash s percentage-of-sales, which are
applied for determining the marketing budget. Bugse methods cannot explain fully the
final budget decisions. Instead, we see a sigmficapact on the level and the allocation of
the marketing budget by multiple factors. Furtlveg, observe that most of these factors have
as well an indirect impact as they influence theiah of the applied budgeting method. But

the empirical results with regard to marketing betdgy behavior are very fragmented which
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complicates a total view on what influences theedwuination of marketing budgets.
Therefore, this study aggregates the results ofiregapresearch to provide an overview of
empirical findings regarding determinants in mairget budgeting behavior and gives

suggestions for future research.

1 Einfihrung

Jedes Unternehmen steht vor der Herausforderunig, Beoduktangebot mit einem
geeigneten und optimal abgestimmten Marketingpragrazu unterstitzen. Die Frage der
optimalen H6he und Verteilung des Marketingbudgsgttslabei angesichts teilweise rapide
wachsender Marketingbudgets von grol3er Bedeutung déin Unternehmenserfolg.
Zusatzlich rucken steigende Marketingkosten, veirdehde Wettbewerbsbedingungen und
ein besserer Zugang zu Daten den Fokus zunehméndirateffizientes und effektives
Management der Werbeinvestitionen. Dennoch zeigjt g den Ergebnissen der MAX
Studie der American  Association of Advertising Ages, dass der
Marketingbudgetierungsprozess von vielen Managesshnimmer als ein komplexer,
schlecht strukturierter und risikobehafteter Prezasgesehen wird (Farris, Shames und
Reibstein 1998).

Empirische Untersuchungen bestétigen, dass die Hithé/erteilung von Marketingbudgets
in den meisten Unternehmen nach theoretischen é&tperben suboptimal ist (z. B.
Manchanda, Rossi und Chintagunta 2008)eichzeitig lasst sich beobachten, dass es
zwischen Unternehmen, selbst innerhalb der gleidBeamche, grof3e Variationen bei der
Hohe des Marketingbudgets gibt (BalasubramanianKurdar 1990). Es stellen sich daher
die Fragen, wie Marketingbudgets in der Praxisitrast werden und welche Faktoren ihre
Hohe determinieren.

Seit Uber 40 Jahren widmet sich die Forschung iskmjativen Studien diesen Fragen
(Ramaseshan 1990). In Abgrenzung zur normativenerdtir, die bestrebt ist,
Marketingbudgetierung zu optimieren (z. B. Fisckeral. 2011), versucht die deskriptive
Literatur nur das tatséchliche Budgetierungsveealtiass in Unternehmen beobachtet wird,
zu beschreiben. Die Motivation dieser Studien basauf der Annahme, aus dem
Budgetierungsverhalten erfahrener Manager genelraiidikationen fur die Praxis ableiten
zu konnen (Lilien und Little 1976). Manager lerneit der Zeit die Bedeutung kritischer
Determinanten und entwickeln daraus teilweise unisste Modelle, die es ihnen
ermdoglichen, auf Verdnderungen im Markt, Unternemméer Produktportfolio zielfihrend
zu reagieren. Im Besonderen schafft die Beschrgilmemeinhin genutzter Praktiken fur



Determinanten der Marketingbudgetierung: Was wisserwir dariiber? 3

Manager eine gute Grundlage um das Marketingbuslgetysverhalten ihrer Wettbewerber
besser zu verstehen und das Budget der Wettbeweanbeschatzen (Stewart 1996).
Gleichzeitig liefern diese Studien einen deutlici®eitrag zur Entwicklung empirischer
Modelle in der Forschung, da die Erkenntnisse dezinagen kdnnen, Marketingvariablen in
Modellen zu identifizieren und auf diese Weise degealitatsgehalt zu steigern und
Verzerrungen von Parametern zu vermeiden (ManchaRdasi und Chintagunta 2004).
Zusatzlich sehen wir eine vermehrte Anwendung vtmikBirgleichungsmodellen in der
empirischen Forschung, die auf teilweise sehriktisten Annahmen Uber Unternehmens-
bzw. Managerverhalten basieren. Deskriptive Stutiedfen dabei, die Rechtfertigung dieser
Annahmen zu uberprifen.

Die Analyse des Budgetierungsverhaltens von Mamaggrweit verbreitet und wurde mit
vielschichtigen Methoden, wie z. B. Umfragen undanagern oder ©konometrischen
Studien zur Erklarung der beobachteten Verteilumgn Warketingbudgets, untersucht.
Allerdings hat dies die Entwicklung verschiedener rkl&ungsmodelle des
Budgetierungsprozesses beglinstigt und zu sehr ogeten empirischen Ergebnissen
bezuglich der Determinanten des Marketingbudgeigsuerhaltens gefuhrt. Versuche in der
Literatur, den Budgetierungsprozess mithilfe einemfachen Modells zu erklaren
(Balasubramanian und Kumar 1990), konnten in spéat&tudien widerlegt werden (z. B.
Ailawadi, Farris und Parry 1994). Es bleibt das dBileines komplexen
Budgetierungsprozesses, der in der Praxis durcé ¥ielzahl von Entscheidungstragern
sowie exogener Faktoren beeinflusst wird, bestehen.

Aus diesem Grund fuhrt dieser Beitrag die weitgehistagmentierte empirische Forschung
zum tatsachlichen Marketingbudgetierungsverhalteisammen und systematisiert die
empirisch nachgewiesene Wirkung von Determinanténdee Marketingbudgetierung, mit
dem Ziel die folgenden Fragen zu beantworten:

- Nach welchen Methoden und Verfahren werden Margbtidgets in der Praxis
verteilt?

- Welche Einflussfaktoren auf die Bestimmung der Hohed Verteilung von
Marketingbudgets sind empirisch validiert? Welch@kdhgsrichtung weisen sie auf
und wie lassen sich Unterschiede in empirischemidgfn erklaren?

- Wie sind die existierenden Arbeiten hinsichtlicheihAussagefahigkeit zu beurteilen?
In welchen Bereichen besteht weiterer Forschungsfed

Einzelne Arbeiten thematisieren bereits den enghiga Forschungsstand zu Einzelaspekten

des tatsachlichen Marketingbudgetierungsverhalt&osliefern Farris und Albion (1981)
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einen frihen ersten, aber sehr eingeschrankten liékintiilber Einflussfaktoren der
Marketingbudgetierung. Bigné (1995) liefert eingrstematischen Uberblick tiber Studien
zur Anwendung von Budgetierungsmethoden, nimmt gedéeine Untersuchung der
Determinanten der Wahl der Methode vor. Andereka&ttverfolgen das Ziel den Stand der
empirischen Forschung darzustellen, weisen allged@inen sehr starken Praxisbezug auf, so
dass kaum allgemeingultige Erkenntnisse abgelarstien konnen (z. B. Reinecke und
Fuchs 2003). Die hier vorliegende Untersuchung eentediesen Erkenntnisstand im
Besonderen in zweierlei Hinsicht: Erstens schaésel Arbeit erstmals einen systematischen
Uberblick tber alle Aspekte der Marketingbudgetigrudie in der Marketingforschung
untersucht wurden. Zweitens hat sich die Datendaged deutlich vergroRert. Wahrend
Farris und Albion (1981) nur auf 7 Beitrage zuriekign kdnnen, werden im Rahmen dieser
Arbeit knapp 90 Studien der vergangenen 40 Jahrarhtet, so dass eine wesentlich
breitere Perspektive auf die Einflussfaktoren dearidtingbudgetierung ermoéglicht wird.
Eine systematische Untersuchung empirischer Ergebrzu den Determinanten der Wahl

der Budgetierungsmethode erfolgt im Rahmen dieskeiAsogar erstmalig.

2 Untersuchungsmethode

2.1 Konzeptioneller Bezugsrahmen der Untersuchung

Basis fur die Analyse der empirischen Forschung Marketingbudgetierung bildet ein
konzeptioneller Bezugsrahmen. Bei der Untersuchdeg verschiedenen empirischen
Arbeiten wird auf diesen Bezugsrahmen zurtckgegrifhit dem Ziel einer systematischen
Darstellung der Einflussfaktoren der Marketingbudgeng.

Grundsatzlich ergibt sich im Rahmen der BestimmdegMarketingbudgets ein komplexer
Entscheidungsprozess zur Bestimmung der Marketohggts, der sich aus dem internen
Wettbewerb der Manager eines Unternehmens um digglearen Ressourcen ergibt (Piercy
1986). Gleichzeitig stehen Unternehmen vor der tidaderung, ihr Marketingbudget im
komplexen Umfeld dynamischer Markte fur ein breitBsoduktportfolio und einen
vielfaltigen Marketing-Mix maoglichst optimal zu keamen und zu verteilen (Fischer et al.
2011). Es stellt sich daher die Frage, wie Untemmezhin der Praxis ihre Budgets letztlich
bestimmen. Die Literatur identifiziert die Verwemduvon einfachen Regeln, sogenannten
Budgetierungsheuristiken, die von Managern zur iBestung ihrer Budgets angewendet

werden, da sie das komplexe Optimierungsproblerntlidewereinfachen (Bigné 1995).
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Abbildung 1. Konzeptioneller Bezugsrahmen der Untesuchung

Einflussfaktoren auf die Bestimmung d. Marketingbudgets

Produkt | Markt | Preis Wettbewerb| Zeit |[Organisation
I
Kap. 7

'

Budgetierungsheuristiken Kap. 6

l
Kap. 5
' |

Hohe und Verteilung des Marketingbudgets

DarlUber hinaus wird die Bestimmung der H6he undéfeing des Marketingbudgets durch
eine Vielzahl weiterer Faktoren beeinflusst. InegiManagerumfrage identifiziert Mitchell
(1993) neben den Ublichen organisationalen undtstrellen Einflissen die folgenden finf
Haupttreiber des Budgetierungsverhaltens: Proddfkttbewerb, Marktcharakteristika, Preis
und zeitliche Effekte. Die empirische Forschung fiiateine Vielzahl dieser Faktoren einen
direkten Einfluss auf das Marketingbudgetierungsaktens nachweisen kdnnen. Ebenso
zeigt sich ein indirekter Einfluss vieler Faktorauf die Bestimmung des Marketingbudgets
Uber deren Wirkung auf die Wahl der angewendetatgBtierungsheuristik.

2.2 Methodik der inhaltlichen Auswertung

Die Erarbeitung eines systematischen Uberblickg @l Ergebnisse empirischer Studien
und die sich daraus ergebende Ableitung von encpingrallgemeinerbaren Erkenntnissen
basiert auf der Auszahlung signifikanter und ingiganter Studienergebnisse. Ein empirisch
verallgemeinerbarer Zusammenhang wurde identifialenn mindestens drei Studien einen
Zusammenhang untersucht haben und bei mindesténsig3er Studien eine entsprechende
Wirkrichtung festgestellt wurde, oder wenn zweidénm einen Zusammenhang untersucht
haben und bei beiden die gleiche Wirkrichtung festgllt wurde. Sollte Heterogenitat in den
Ergebnissen vorliegen, werden im Rahmen dieseri&stondgliche Ursachen, z.B. durch

Unterschiede in den Modellen, diskutiert. Eine gema Auswertung mittels einer Meta-

Analyse konnte aufgrund fehlender Informationen zDatengrundlagen und
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Modellspezifikation bei einer Vielzahl von Studiatie eine Vereinheitlichung empirischer
Ergebnisse, z.B. liber Elastizitaten, verhinderchnilurchgefiihrt werdeh.

2.3 Auswahl der empirischen Arbeiten

Der Fokus dieser Studie liegt in der systematischefibereitung empirischer Studien, die
den tatsachlichen Marketingbudgetierungsprozestysaaeegen. Dies umfasst Beitrage, die
direkte oder indirekte Einflussfaktoren auf das kégingbudgetierungsverhalten untersuchen.
Gleichwohl finden auch Studien mit einem anderenrsélmungsfokus, die ebenfalls
bedeutsame empirische Ergebnisse zum Marketinghedgegsprozess beisteuern,
Bericksichtigung, um ein mdoglichst breites Erkersgpektrum bieten zu kénnen. Es sei
aber darauf hingewiesen, dass im Rahmen dieserieStugsschliellich Beitrdge der
Marketingforschung verarbeitet werden. Dies blend®t Besonderen weitestgehend
verhaltenswissenschaftliche Ansatze der Erklarueg @udgetierungsprozesses in der
Accountingliteratur aus. Gleichzeitig grenzt siclesg Studie von Beitragen mit starkem
Praxisbezug ab, da diese aufgrund ihrer Untersydmethode meist keine
verallgemeinerbaren Ergebnisse zulassen.

Far die Literaturrecherche wurde auf die drei filgen betriebswirtschaftlichen
Datenbanken ,ABI/INFORM Global (ProQuest)”, ,BusgseSource Premier (Ebsco)” und
»Wiso Wissenschaften: Wirtschaftswissenschaftentizkgegriffen und zur Schaffung einer
Ausgangsbasis Beitrage herausgefiltert, die iml,Tileder Zusammenfassung oder bei den
Schlagwortern die Begriffe ,BudgetierungsmethodepBudgetierungspraktiken sowie
.Determinanten der Marketingbudgetierung® bzw. temnsitat* (bzw. in entsprechender
englischer Ubersetzung) aufweisen. AnschlieBenddevumittels Querverweisen nach
weiteren Beitragen gesucht, so dass insgesamt I9@apmpirische Studien identifiziert und

in dieser Studie berticksichtigt wurden.

3 Grundlagen der Marketingbudgetierung

3.1 Definition der Marketingbudgetierung

Grundsatzlich bezeichnet die Budgetierung die syatische Planung, Koordination und
Kontrolle der Unternehmensressourcen. Marketingbtidguing im Speziellen umfasst die
Formulierung quantifizierbarer Aktivitats- und Leiegsniveaus der absatzpolitischen

Entscheidungseinheiten eines Unternehmens, diegelmaRigen Abstéanden neu festgelegt

! Aufgrund der teilweise sehr frithen Veroffentlicuginiger Artikel konnte auch keine Nacherhebung de
fehlenden Daten bei den Autoren erfolgen.
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werden (Barzen 1990, 90 f.). Der Begriff des Margudgets umfasst damit alle
regelmallig neu festgelegten Kosten absatzpolitischdallinahmen, wie z.B.
VerkaufsaulRendienst, Werbung, Kundendienstkosten er od kundenspezifischer
Produktmodifikationen. Infolge der wichtigen Bedsuwy, den der Posten der
kommunikationspolitischen MalRnahmen innerhalb deskitingbudgets zukommt, legen
einige Studien einen besonderen Fokus auf die Buntbung abgegrenzter Anteile des
Budgets. So findet sich eine abgegrenzte Untersurchles Werbebudgets, d.h. alle Kosten
von Werbemafinahmen, die Uber Medien verbreiteteverdes AuRendienstbudgets, in dem
alle Kosten, die durch Au3endiensttatigkeiten dafalzusammengefasst werden, sowie des
Werbe- und Promotionsbudgets, das allgemein alenkonikationspolitischen Mal3hahmen
umfasst.

Aufgrund der regelmaRigen Planungszyklen des Mingetidgets ergibt sich ein besonderer
Fokus auf den betriebswirtschaftlichen Planunggsezier Budgetaufstellung im Marketing,

der auch vornehmlicher Untersuchungsgegenstanenagirischen Forschung ist.

3.2 Prozess der Marketingbudgetierung

Der Marketingbudgetierungsprozess beschreibt ddackeidungsprozess zur Bestimmung
der Hohe und der Verteilung des MarketingbudgetiserL und Little (1976) sehen diesen
Prozess als ein zweistufiges Verfahren, bei demenmsten Schritt Uber die HOhe des
Marketingbudgets und in einem zweiten Schritt Ulsssen Verteilung auf die
Planungseinheiten der Organisation, d. h. Produkignder, Marketinginstrumente,
Zeitperioden usw., entschieden wird. Mitchell (1p93weitert diesen Prozess um die
vorgelagerte Entscheidung, ob Uberhaupt geworbewlemesoll. Obgleich die Forschung
belegen konnte, dass die Allokation des Marketiniglets auf den Unternehmenserfolg eine
wesentlich starkere Wirkung hat als die eigentlietigtne (Chintagunta 1993), zeigt sich bei
Managern ein anderes Meinungsbild. Daraus ergibtisi der Praxis eine wesentlich hdhere
Bedeutung, die der Bestimmung des absoluten Madfetidgets zugemessen wird (Mitchell
1993).

Grundsatzlich qilt in vielen Unternehmen, dass dslenagement zunéchst eine
Ubergeordnete allgemeine Strategie entwickelt lardus Marketingziele abgeleitet werden.
Anschlie3end wird auf der Basis von Prognosen ueteZ der finanzielle Spielraum fir die
nachste Planungsperiode abgesteckt und in dieséimétadie Budgets bestimmt, die nach
Managementbeurteilung und analytischen Modellen Zalerreichung flihren sollen. Der

erste Budgetvorschlag wird dann dem Topmanagemeigeptiert und in gegenseitiger
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Absprache angepasst und beschlossen (Low und Md@89)1 Die prozessuale
Entscheidungsrichtung variiert jedoch nach Orgdiosaform und Philosophie eines
Unternehmens. Eine Prozessstruktur, nach der discB#idung Uber Hohe und Verteilung
des Marketingbudgets vor allem beim Topmanagemesrbleibt und Manager von
Untereinheiten (z. B. Produktmanager) nur noch idushde Aufgaben tbernehmen, wird
als Top-Down-Prozess bezeichnet. Wenn die Produldger hingegen die Kompetenz
besitzen Uber ihr Marketingbudget zu entscheiderliegt eine Bottom-Up-Prozessstruktur
vor. Die Vorteile des Top-Down-Ansatzes liegen iner d Mdoglichkeit, den
unternehmensstrategischen Fokus bei der Budgetpgdanu bertcksichtigen und auf diese
Weise den Gesamtgewinn des Portfolios zu maximieZeisatzlich kbénnen zeitintensive
Abstimmungsprozesse vermieden werden. Allerdings3est Vorgaben aus dem
Topmanagement eher auf Akzeptanzschwierigkeiten ba#@n nachgeordneten
Hierarchieebenen. Der Bottom-Up-Ansatz zieht vderal Vorteile aus der Markt- und
Kundennadhe der Produktmanager, die ihnen eine fgeSebhatzung des optimalen Budgets
ermoglicht.  Gleichzeitig fordert die Partizipationm Entscheidungsprozess die
Mitarbeitermotivation. Allerdings lasst sich beobtan, dass Manager zu opportunistischem
Verhalten in der Form zu hoher Budgetwiinsche neigeth der Koordinationsaufwand
deutlich zunimmt (Prendergast, West und Shi 2006).

Der Gedanke, die Vorteile beider Prozessformen ambinieren, hat in der Praxis zur
Verbreitung von Mischformen gefiihrt. Hanmer-LoydduKennedy (1981) zeigen, dass
knapp 90% aller Unternehmen kombinierte Prozessformanwenden, bei der in
gegenseitiger Partizipation die Unternehmensziel@ ustrategien festgelegt und tber das
Budget entschieden wird. Dadurch ergibt sich in dexisten Unternehmen das Bild eines
komplexen Verhandlungsprozess an dem eine Vielzahl Abteilungen innerhalb eines
Unternehmens beteiligt sind und der infolge unteestiicher Ziele und Perspektiven der
einzelnen Abteilungen viele Reibungspunkte aufweith Besonderen sind hier
Kommunikationsschwierigkeiten zwischen Finanz- uddr Marketingabteilung sowie
zwischen oberen und unteren Hierarchieebenen zwenenim ersten Fall bestehen
unterschiedliche Auffassungen Uber Marketing alstBo- oder als Investitionsfaktor, und
im zweiten Fall stehen gesamtunternehmerischedsden Abteilungsinteressen gegenuber
(Low und Mohr 1999).
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4 Normative 6konomische Theorie der optimalen Markengbudgetierung

Erste Einblicke in die Marketingbudgetierung lie¢fdre normative Literatur zur optimalen
Bestimmung von Marketingbudgets, indem sie Aussdgéih wie das Marketingbudget
optimalerweise gesetzt werden sollte. Die Grundlaggfir liefert das Dorfman-Steiner-
Theorem (Dorfman und Steiner 1954), das besags, @las optimale Marketingbudgetierung
erreicht ist, wenn sich Grenzertrag des Marketing miegative Preiselastizitat entsprechen, d.
h. je effektiver das Marketing, desto groRer ist dptimale Marketingbudget. Fortfihrende
Studien haben dieses Theorem weiterentwickelt, @&ss cich auf der Basis normativer
Aussagen die folgenden Ergebnisse bezlglich Detamen zusammenfassen lassen, die
verstarkte Marketinginvestitionen begriinden:

- hohere Effektivitat des Marketing (Dorfman und 8ézi1954).

- starkerer Carry Over-Effekt in Bezug auf den Mérigstock (Nerlove und Arrow

1962)

- groRere Profitabilitat eines Produkts (Cable 1972).

- niedrige Kapitalkosten des Unternehmens (NerlowieAmow 1962).

- groRerer Umsatz eines Produkts (Dorfman und Sta@ed).

- hohes Wachstumspotenzial eines Produkts (Fiscledr 2011).
Die normativen Aussagen bleiben damit insgesamtsitdglich, geben aber einen ersten
Einblick in die Bestimmung von Marketingbudgetswvieweit sich die normativen Aussagen
im tatséchlichen Budgetierungsverhalten widerspregeuss allerdings in empirischen

Studien untersucht werden.

5 Budgetierungsmethoden

5.1 Konzept der Budgetierungsmethoden

Umfragen unter Managern zeigen, dass in der Praxisallem vereinfachende Methoden,
sogenannte Budgetierungsheuristiken, fur die Besting von Marketingbudgets
angewendet werden. Trotz der enormen Bedeutung Bedgetierung fur den
Unternehmenserfolg handelt es sich hierbei meisteumfache Regeln, die die komplexe
Budgetierungsentscheidung auf der Basis wenigenkaen festlegen und auf diese Weise
Ubersichtlich und greifbar machen (Farris, ShanmesReibstein 1998).

Tabelle 1 fasst die nach Managerumfragen am  weitestverbreiteten
Budgetierungsmethoden zusammen. Wahrend in frihedied die Prozent-vom-Umsatz-

Regel (Percentage of Sales) und der finanzkrafibeide Ansatz (Affordable) am haufigsten
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genannt werden (z. B. San Augustine und Foley 19I&sst sich Uber die Zeit eine
wesentlich breitere Anwendung der differenzierteZeésle-und-Aufgaben-Regel (Objective
and Task) beobachten (z. B. Hung und West 1991gsdiTendenz erfasst zunachst die
gréReren Unternehmen der Konsumguterindustrie uedeb sich anschlieRend auch auf
Unternehmen mittlerer Grof3e und anderer Branchem &ynch und Hooley (1990)
vergleichen dies mit einem Diffusionsprozess, dedar Literatur als Weiterentwicklung des
Budgetierungsprozesses hin zu fortschrittlicher gatigrungspraxis gewertet wird. Dennoch
wecken einige Studien Zweifel an dieser Schlussfoigg, da ein detaillierter Blick auf die
Budgetbestimmung darauf hin deutet, dass die ZietbAufgaben-Regel nicht im
eigentlichen Sinne Anwendung findet (Martenson )98&%attdessen ist anzunehmen, dass
sie lediglich als ein Werkzeug zur LegitimierungduRechtfertigung einflussreicher Akteure
eingesetzt wird, um eigene Ziele durchzusetzen¢i€987a). Bei kleineren Unternehmen
wird die Entscheidung Uber das Marketingbudget égem meist direkt vom
Topmanagement getroffen, die das Budget Uberwiegaufd der Basis ihrer eigenen
Erfahrung (Arbitrary), d. h. nach subjektiven Krien, festlegen. Die anderen genannten
Methoden haben schliellich einen eher erganzeneééra® zur Bestimmung der Budgets.
So handelt es sich bei dem Fortschreibungsansegzigids Budget) nicht um eine bewusst
eingesetzte Regel, sondern sie ist vielmehr Augdrdes politischen Einflusses der
jeweiligen Manager (Piercy 1986). Nach dem wettbhbg@rientierten Ansatz (Competitive
Parity) werden Anpassungen des Budgets als Reakdioin Marketingausgaben der
Konkurrenz vorgenommen. Wissenschaftliche Methoden Allokationsoptimierung (fur
einen Uberblick siehe Shankar 2008) werden schdie#Huch in neueren Umfragen kaum

genannt (Bigné 1995).

5.2 Kritik am Konzept der Budgetierungsmethoden

Die Ergebnisse dieser Umfragen mussen allerdingsdiggend hinterfragt werden, da sie
auf der Annahme eines einfachen und direkten Buglgeigsprozesses beruhen, bei dem
politische Prozesse innerhalb einer Organisatiosgeliendet werden (Mitchell 1993).

Tatsachlich streben Manager allerdings ein Losumgdse gegentber den Vorgesetzten
gerechtfertigt, den Gleichgestellten vermittelt @mddie Untergebenen weitergeleitet werden
kann, so dass diese die Lésung logisch und akzelpfiaden und nach ihr handeln (Piercy
1986). Daher haben Manager ihre Budgetentscheidatey Beriicksichtigung von Routinen,

Prézedenzfallen sowie sozialen und politischen Bauctreffen und entsprechend nur wenig



Tabelle 1. Ubersicht tiber Budgetierungsmethoden

BudgetierungsmethodeDefinition Vorteile Nachteile Verbreiturig
Managementerfahrung  Willktrliche Entscheidung duvidmager, « Einfach » Keine theoretische od. 26,5 %

nur auf Basis ihrer Erfahrungswerte empirische Validierung

» Starke Politisierung

Finanzkraftorientierter Budgetentscheidung auf der Basis der zure Kostendeckung * Prozyklische Wirkung 33,1 %
Ansatz Verfigung stehenden freien finanziellen « Gute Kommunizierbarkeit

Mittel ggu. Finanzabteilung
Prozent-vom-Umsatz =~ Bestimmung des Budgets alsvetaider « Kostendeckung e Kausalzusammenhang 32,2 %

absoluter Anteil des erwarteten oder o Gute Kommunizierbarkeit zwischen Umsatz und

vergangenen Umsatzes ggl. Finanzabteilung Marketing vertauscht

* Zusammenhang zw. » Zukunftspotenziale
Umsatz und Marketing werden nicht ausgeschopft

Wettbewerbs- Festlegung des Budgets proportional zu den Abschreckende Wirkung < Starker Fokus auf 16,3 %
orientierung Marketingausgaben der Wettbewerber zur  auf Konkurrenz Konkurrenz ineffizient bei

Verteidigung der eigenen Marktposition grof3en Unterschieden
Fortschreibungsansatz ~ Marketingbudget wird auiB#esis der » Vereinfachung politischer « Dynamische Effekte 29,1 %

Budgets der Vorjahre fortgeschrieben Prozesse werden nicht

berucksichtigt

Ziele-und-Aufgaben Aufstellung von Kommunikatioreden und « Gibt die Natur des  Erfordert hohen Grad an 42,7 %

Planung des Budgets, das flr die ErreichungMarketing zur Erreichung  analytischen Fahigkeiten

der Ziele benttigt wird von Absatzzielen wider und eine genaue Kenntnis

» Basiert auf der der Wirkung d. Marketing

Marginalanalyse der
Okonomischen Theorie

Optimierungs- Budgetierungsmodelle, die sich direkt aus « Optimale Bestimmung dess Kompliziert umzusetzen 8,4 %
methoden theoretischen Optimierungsmodellen Budgets zur Maximierung « Erfordert sehr gute
ableiten lassen des Shareholder Values Kenntnis aller Treiber

'Die Verbreitung gibt an, wie viele der Manager beifragen unter der Méglichkeit von Mehrfachnennungagaben, diese Methode anzuwenden (Gewichtétematisches
Mittel Uber Studienergebnisse nach Anzahl befralgi@nager).
AnmerkungN&here Informationen zu den einzelnen Studiegefinsich in den Tabellen 1 und 2 im Appendix.

Zlagnurep iimuassim sepn :Bunisnabpngbunayien Jap usjueulwialag

TT
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Mdglichkeiten,Best Practiceanzuwenden (Prendergast et al. 2006). Dementsgrdcdthéatzen
Manager die Bedeutung politischer Betrachtungem dugther ein als finanzielle Betrachtungen
(Farris, Shames und Reibstein 1998). Piercy (198&bhnet den politischen Faktoren sogar
einen deutlich groReren Erklarungsbeitrag zur Asisgieing des Marketingbudgets zu als den
Budgetierungsmethoden. Es ist daher anzunehmes, allas ausschliel3liche Erklarung durch
Budgetierungsmethoden eine zu grol3e Vereinfachuagtadlt und die Bestimmung des

Marketingbudgets von einer Vielzahl weiterer Fa&toerklart wird.

6 Determinanten der Marketingbudgetierung

6.1 Untersuchungsrahmen

Grundsatzlich wird in der empirischen Forschungetstregressionsanalytischer Methoden die
Wirkung von Faktoren auf die Marketingbudgetieruitger deren Einfluss auf die H6he und
Verteilung des Budgets untersucht. Allerdings eaein die Studien hinsichtlich Form und

Definition der abhangigen Variablen sowie dem Aggtensniveau.

Form der abhangigen Variablen: Die meisten Studien verwenden die relative
Marketingintensitat, d. h. das Verhaltnis der Mérgausgaben zum Umsatz, als abhangige
Variable in der Regressionsgleichung. Dies gehmuélich auf die Nahe zu allgemeinen
Budgetierungspraktiken (z. B. Prozent-vom-UmsatgdRezurtick, wonach Unternehmen ihr
Budget als bestimmten Prozentsatz vom Umsatz pléRenis und Albion 1981). Ailawadi,
Farris und Parry (1994) erganzen, dass bereitooienind Arrow (1962) gezeigt haben, dass
unter gewissen Annahmen ein bestimmter Prozentsamn Umsatz dem optimalen
Marketingbudget entspricht, so dass sich auch nirenadAussagen aus der deskriptiven
Analyse der Einflussfaktoren auf die Hohe der Mangntensitat ableiten lassen kdnnten.
Dennoch ist die Verwendung dieser Kennzahl keingswalgemein akzeptiert, da Prozent-
vom-Umsatz als eine der am wenigsten differenaenéethoden gilt und eine starkere
Rationalitat in der Budgetierung gefordert wird t&mechend lasst sich insbesondere in neueren
Studien die Betrachtung des absoluten Marketingétsdgeobachten (z. B. Shankar 2009). Dies
erschwert einen Ubergreifenden Vergleich der Erigsbn da auftretende Skaleneffekte zu
Verzerrungen in den Ergebnissen fihren konneni@and Albion 1981).

Einige Studien widmen sich zusatzlich der Untersmgh der zweiten Stufe des
Budgetierungsprozess - der Budgetallokation. Dibdalige Variable wird hier analog zur

ersten Stufe als relative oder als absolute Kerrdefimiert. Entweder gilt diese als Relation
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der Ausgaben eines Marketinginstruments zum gesaitaketingbudget (z. B. Lilien und
Little 1976) oder direkt als absolute Ausgabenekdastruments (z. B. Shankar 2009).

Definition der abhangigen Variablen: Gleichzeitig variieren die Studien hinsichtlichrde
Definition der abhangigen Variablen, d. h. des ziietsuchenden Budgets, da nur einige
Studien alle absatzpolitischen Mal3hahmen im Bublgricksichtigen. Stattdessen wird infolge
der besonderen Bedeutung, der dem Posten absasghar MaRnahmen innerhalb des
Marketingbudgets zukommt, in vielen Studien nueédimtersuchung des Werbebudgets (z. B.
Farris und Albion 1981), des Budgets fur AulR3endiétigkeiten (z. B. Gonul et al. 2001), oder
des Budgets aller kommunikationspolitischen Mal3rehr(e. B. Farris und Buzzell 1979)
vorgenommen. Eine weitere Variation ergibt sichctiuinterschiedliche Auffassungen tber die
Zusammensetzung der jeweiligen Ausgabengruppesk8land Patti (1984) schatzen, dass bis
zu einem Dirittel des in den Daten erfassten Mamigbtidgets falsch verbucht worden ist.
Dementsprechend ist anzunehmen, dass die Rechaganggkpraktiken der Unternehmen zu
einem starken Grad Differenzen in den Marketingisii@ten erklaren (Martenson 1989).

Aggregationsniveau: Bezlglich des Aggregationsniveaus des Untersudgeggnstands
beziehen sich Studien meist auf die Ebene einererdebhmung, d. h. es werden die
Determinanten der Marketingbudgetierung eines Wetamens analysiert. Der Zweig der
Industrial-Organization-Forschung untersucht hiregeBinflussfaktoren ganzer Industrien.

6.2 Determinanten der Marketingbudgetierung

Ein Vergleich der Ergebnisse der empirischen Studrentglicht allgemeingiiltige Aussagen zu
der Wirkung einer Vielzahl von Determinanten aut ddarketingbudget, die im folgenden

Abschnitt dargestellt werden. Teilweise lasst saatlerdings auch eine grof3e Heterogenitat in
den Ergebnissen beobachten, die jedoch meist atliogische Variationen in den Studien
zuruckgefuhrt werden koénnen und daher erklarbad.sifabelle 2 bietet hierzu einen

zusammenfassenden Uberblick zu den Aussagen eohgrisStudien hinsichtlich der

Wirkungsrichtung einzelner Determinanten auf didnéldes Marketingbudgets.

6.2.1 Produktdeterminanten

Qualitat: Ein Vergleich empirischer Studien zeigt, dass haelitative Produkte von einem
umfangreicheren Marketingprogramm unterstitzt werdgies ist vermutlich eine Folge der
hoheren Effektivitat von Marketingmallnahmen, wenesel eine Uberlegene Qualitat
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Tabelle 2: Anzahl der Studien, die einen signifikaten Einfluss durch die Determinanten

auf die Hohe des Marketingbudgets feststellen

Einfluss auf die HOhe des Marketingbudgets

Linear Nicht linear
Invertiert Nicht
Determinante  Konzeptualisierung Positiv.  Negativ U-formig U-formig signifikant
Qualitat 5 (80%) 1 (20%)
Einzigartigkeit ~ Produziert auf Bestellung 5 (100%)
,Hidden Values" 2 (33%) 4 (67%)
Kauffrequenz 5 (72%) 1 (14%) 1 (14%)
Preis Absoluter Preis 1(13%) 4 (50%) 1(13%) =242
Relativer Preis 1 (100%)
Profitabilitat Profitmarge (Firma) 4 (100%)
Profitmarge (Branche) 5 (63%) 2 (25%) 1 (13%)
Hohe Free Cash Flow 2 (100%)
MarktgréRe Gesamtumsatz 4 (80%) 1 (20%)
Regionaler Marktbezug 1 (100%)
Marktwachstum 5(29%) 2 (12%) 10 (59%)
Anzahl Kunden 7 (88%) 1 (13%)
Marktdominanz 7 (44%) 8 (50%) 1 (6 %)
Marktkonzentration 5(19%) 3(12%) 2(8%) 9 (35%) (28%)
Anzahl Wett-  Auf gleichem Markt 8 (67%) 3 (25%) 1 (8%)
bewerber Multimarktkontakte 2 (100%)
Marketingausgaben 5(83%) 1(17%)
Wettbewerb
Produktlebens- Zeit im Markt 8 (57%) 6 (43%)
zyklus
Markteintritts- 2 (100%)
reihenfolge
Organisations- Entscheidungsrichtung 2 (100%)
form (, Top-Down*)
Macht 1 (50%) 1 (50%)
Marketingabteilung
Budgetierungs- Komplexitat der 2 (50%) 2 (50%)
methode Methode
Partizipation am Hohe d. Besitzanteils 1(33%) 2 (67%)
Geschaftserfolg Langfristigkeit d. 2 (100%)

Belohnung

AnmerkungDie Angaben in Klammern zeigen, wie viele der &oddie diese Determinante untersucht haben, einen
entsprechenden Effekt gemessen haben. Fir Detaitiationen zu den empirischen Ergebnisse sieh&abellen 6
a-f und 7 a/b im Appendix.
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kommunizieren konnen (Tellis und Fornell 1988). dpnéchend lasst sich im Besonderen eine
Steigerung des Werbebudgets beobachten, um eirergtd/erbreitung einer auf der hohen
Qualitat des Produkts basierenden Werbebotsclufigiziustellen (Lilien und Little 1976).

Einzigartigkeit eines Produkts: Die Einzigartigkeit eines Produkts wurde in derp@mchen
Literatur mit zwei verschiedenen Konstrukten uniehd. Zum einen konnte bei Produkten, die
auf Bestellung produziert werden, eine geringerekiglingintensitat nachgewiesen werden.
Begrundet wird dies damit, dass diese Produktetne@ie kinstlerische Komponente fur den
Kunden besitzen, so dass Marketing nur von nacklgangBedeutung ist und der direkte
Kontakt zwischen Kunde und Anbieter wichtiger witdlien 1979). Es kann daher vermutet
werden, dass die Senkung der Werbeausgaben pandlleinem Anstieg der Ausgaben flr den
VerkaufsaulRendienst verbunden ist (Farris und Bui®&9). Hierfir gibt es aber keine
empirische Validierung.

Das zweite Konstrukt basiert auf der Existenz vbiidgen Values®, d. h. Eigenschaften, die
sich erst nach mehrmaligem Gebrauch des Produktsleii Konsumenten erschliel3en. Ein
Vergleich der Studien zeigt grundsatzlich einenrepesitiven, jedoch keinen einheitlich
signifikanten Effekt auf die Marketingintensitat,asv offenbar auf die unterschiedlichen
untersuchten Marketingmafnahmen zurickzufihrenrisgesamt liegt die Vermutung nahe,
dass bei Produkten mit ,Hidden Values” vor allenr deil3endienst intensiviert wird, der

Kunden direkt in die Besonderheiten des Produktiikien kann (Farris und Buzzel 1979).

Kauffrequenz: Bei der Kauffrequenz eines Produkts zeigt sich (dier Studien ein negativer
Zusammenhang mit der Marketingintensitat, d. hhgefiger ein Produkt gekauft wird, desto
geringer ist das Marketingbudget. Ursache hiedtivermutlich, dass Produkte mit einer hohen
Kauffrequenz meist standardisierte Produkte demgddl sind, bei denen sich der Konsument eher
auf seine Erfahrung verlasst, wahrend bei seltekkageen Produkten zur besseren
Werteinschatzung meist mehr Informationen bendtigtden (Zif, Young und Fenwick 1984).
Ein differenzierteres Bild liefern jedoch Keownadt (1989), die auch auf Nichtlinearitat testen
und einen invertiert U-formigen Zusammenhang fe#iest. Produkte mit mittlerer Kauffrequenz
haben demnach die groften Marketingbudgets, gefaigt selten gekauften Produkten. Die

kleinsten Budgets zeigen sich bei Produkten mieh&tauffrequenz.

6.2.2 Preisdeterminanten

Preis: Bei der Untersuchung des Preises als DeterminameéVidrketingintensitat stellt sich

insgesamt ein uneinheitliches Bild dar, das aukeg&gifige Effekte zurtickgefiihrt werden kann.
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So stellen teure Produkte eher riskante Kaufe loair,denen sich Kunden weniger auf das
Marketing als priméare Informationsquelle verlassgrd ihre Kaufentscheidung verstarkt auf
Testergebnisse, Erfahrungen, Ratschlage von Fraunde stitzen (Farris und Buzzel 1979).
Andererseits besteht bei hochpreisigen Gitern dietwdhdigkeit, mittels erhéhter
Marketingaufwendungen ein Bild von hoher Qualitat lPrestige aufrecht zu erhalten (Rizzo
1999). Gonul et al. (2001) erklaren die widersphigblen Ergebnisse zusatzlich durch
gegenlaufige Interaktionseffekte zwischen Preis Miadketing. Hohere Marketinginvestitionen
verhelfen auf der einen Seite zu einer bessereduRtdifferenzierung und damit geringerer
Preiselastizitat. Allerdings wird durch das verst&r Marketing auch die Vergleichbarkeit
zwischen den Produkten verbessert und auf diesem di¢ePreissensitivitdt der Konsumenten
erhoht. Farris und Buzzell (1979) gelingt es, degenlaufigen Effekte zu trennen, indem sie
sowohl den relativen Preis (innerhalb einer Proklakse) als auch den absoluten Preis im
Modell berlcksichtigen. Wie erwartet, zeigt sichnbeelativen Preis ein positiver und beim
absoluten Preis ein negativer Einfluss auf die Manlgintensitat.

Eine Untersuchung der Budgetallokation bei hoclgigen Produkten zeigt des Weiteren, dass
hier vor allem markenaufbauende Werbung eingeseizi, die das Uberlegene Image des
Produkts vermitteln soll, wahrend Promotion-Malinahpz. B. durch Preisreduktionen, den
unerwinschten Effekt einer Senkung des Referersggeddei den Kunden herbeifiihren (Low
und Mohr 2000).

Profitabilitat: Nach der mikro6konomischen Theorie hat die Profitdb einen grol3en
Einfluss auf die Bestimmung der Hohe der Marketudgets (Ailawadi, Farris und Parry 1994).
Eine hohere Profitmarge fihrt demnach zu einer tgiheoptimalen Marketingintensitat.
Empirisch konnte dieser Zusammenhang sowohl fuliesung der Profitabilitat als relative
GrolR3e (Profitmarge), wie auch als absolute GroffinéHtes Free Cash Flows) bestatigt werden.
Dieses Ergebnis deckt sich auch mit den UmfrageBurlgetierungsheuristiken, nach der viele
Manager ihr Budget auf der Basis der Hohe deneeditigbaren finanziellen Mittel bestimmen.
Es zeigt sich in diesem Sinne sogar, dass Firmeniiloer viel freies Kapital verfiigen, dazu
neigen, mehr fir Marketing aufzuwenden, als notwgratler winschenswert ware (Tellis
1998). Die Kostendeckung der Marketingausgabentatedemnach eine hohe Prioritat bei
Managern (Wagner und Fischer 2011).

Eine Untersuchung der Profitabilitat auf Industbeee bestatigt grundsatzlich dieses Bild.
Allerdings lasst sich hier eine grol3ere Heterogénim den Ergebnissen beobachten. Eine
Ursache dieser unterschiedlichen Ergebnisse kanrder Interaktion mit der Produktkategorie

liegen. So zeigt sich bei Industriegutern eherrggativer Effekt, d. h. je hohere Profitmargen
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eine Industrie allgemein aufweist, desto wenigerrkdang betreiben die Unternehmen,
wahrend im Konsumaguterbereich eher positive Effeldebeobachten sind (Lee 2002). Eine
Ursache hierfir kdnnte die traditionell wichtigdtelle des Marketing im Konsumguterbereich
sein, die Unternehmen eher dazu verleitet, fre@gitidl in Marketing zu investieren. Allerdings

ist hier noch weiterer Forschungsbedarf notwendig.

6.2.3 Marktdeterminanten

MarktgroRe: Bei der Untersuchung der MarktgroRe zeigt sich eiabeitliche Bild einer
geringeren Marketingintensitat in grol3en Marktenieder Effekt ist vermutlich auf
Skaleneffekte im Marketing zurtickzufiihren. Gleiahigdindet sich in der Studie von Rundfelt
(1973) ein positiver Einfluss auf die Hohe des Wérgets durch die Reichweite des Markts,
d. h. Unternehmen, die nur einen regionalen unditdei@ineren Markt bedienen, betreiben
weniger Werbung. Ursache fur diese widersprichtickegebnisse ist offenbar die gréf3ere
Reichweite klassischer Werbetrager, so dass regiotinternehmen eher auf andere
Marketinginstrumente ausweichen. Um dies validieren kbnnen, sind allerdings weitere

Studien notwendig, die auch andere Marketingausgabeeinbeziehen.

Marktwachstum: Grundsatzlich ist anzunehmen, dass bestandiges aystematisches
Wachstum verstarktes Marketing rechtfertigt, daaeseinen noch weitestgehend unbedienten
Markt hindeutet, der das Produkt bisher kaum watwgenen hat. Und tatséchlich werden die
allgemeinen Marktbedingungen von Managern haufgy veichtige Determinante angegeben
(Jobber 1980). Dennoch zeichnen die meisten embers Studien nur einen insignifikanten
Effekt durch das Marktwachstum auf. Dies konnteedtolge gegenlaufiger negativer Effekte
durch fehlende gewinnbringende Investitionsmoégletda in niedrig wachsenden Markten sein
(Supanvanij 2005). Die Vermutung liegt allerdingshaer, dass der Effekt des Marktwachstums
generell eher gering auf das Marketingbudgetierverdgalten ist, da die Variable schnell
insignifikant wird, sobald andere Variablen, wie B. Produktlebenszyklus, im Modell

bertucksichtigt werden (Farris und Albion 1981).

Anzahl Kunden: Die Anzahl der Kunden im Markt hat einen eindeytagitiven Einfluss auf

die Marketingintensitat. Dies gilt im Besonderen btarketingmalRnahmen, die eine breite
Kundenerreichung haben (Lilien 1983). Zuruckfuhiésst sich dieser Effekt vermutlich auf die
hohere Marketingeffektivitat bei gréerem Publikeowie auf ein héheres Marktpotenzial bei
vielen Endkonsumenten (Farris und Buzzell 197%3watt (1996) identifiziert die Anzahl der

Kunden, die angeben, das Produkt nochmals zu kagf¥rederkaufrate), sogar als
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bedeutsamste Variable zur Erklarung der Markettegisitat. Er vermutet, dass dies auf einen
starkeren Fokus des Marketings auf die Bindung #@nden an das Unternehmen
zuriickzufiihren ist. Ubereinstimmend zeigt sich aegh negativer Zusammenhang mit der
Kundenkonzentration, d. h. dem Anteil des Umsatzes, auf die gréRten Kunden entfallt
(Lilien 1979).

6.2.4 Wettbewerbsdeterminanten

Marktdominanz: Die Marktdominanz eines Unternehmens, d. h. dessktive Gré3e im
Markt, meist gemessen als Marktanteil, gilt in Hieratur als einer der bedeutsamsten Treiber
zur Erklarung der Marketingintensitdt. Dominante,msatzstarke Produkte haben
Ubereinstimmend grél3ere Marketingbudgets; betraché jedoch die relativen Kennzahlen
zeigt sich einheitlich ein Rickgang der Marketingisitat mit zunehmender Marktdominanz
(Lilien und Little 1976). Dies ist eine Folge vokeeneffekten im Marketing. Der Wertbeitrag
des Marketing nimmt mit zunehmenden Budget ab, assddas Marketingbudget nicht
proportional zum Umsatz bzw. Marktanteil mit angtéFischer et al. 2011).

Marktkonzentration: Obwohl das Meinungsbild zur Wirkung der Marktkonzation in der
Literatur sehr heterogen ist, scheint sich dochebb@m Vergleich der Studien ein invertiert U-
formiger Wirkungszusammenhang zu bestatigen. Diesathre liegt offenbar in den
gegenlaufigen Effekten auf das Marketingbudgetigsuerhalten. So tragt nach der
o0konomischen Theorie Marketing zur Abgrenzung vamkirrenzprodukten bei und erhéht so
Eintrittsbarrieren und damit auch die Marktkonzatitm (Farris und Buzzell 1979). Zuséatzlich
lasst sich eine groRere Marketingeffektivitat imgentrierten Markten feststellen (Bowman und
Gatignon 1996). Auf der anderen Seite kann in kotexten Méarkten die Neigung zu
kooperativen = Marketingbudgetierungsverhalten  belofedc werden, die niedrigere
Marketingintensitaten zur Folge haben (RamaswangtigBon und Reibstein 1994). Es ist
daher anzunehmen, dass kooperatives Verhaltemeéxgich wird, wenn sich nur sehr wenige
Teilnehmer im Markt befinden (Willis und Rogers 8)nd sich der negative Effekt auf die
Marketingintensitat daher erst in hoch konzeneertMarkten entfaltet. Insgesamt wurde
allerdings in den bisherigen Studien zu selten Might-Linearitat getestet, so dass dieser
Befund noch nicht als empirisch gesichert angesekerden kann. Zudem besteht in der
Forschung die Uberzeugung, dass es sich bei dektkdazentration um eine eher unwichtige
Determinante des Marketingbudgetierungsverhalteaadéit, insbesondere wenn weitere
Variablen im Modell beriicksichtigt werden (FarrisduAlbion 1981).
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Anzahl Wettbewerber: Nach der Wettbewerbstheorie steigt mit zunehmederahl der
Teilnehmer im Markt die Marketingintensitat (Schreued Ross 1990, 594 ff.). Dies scheint
sich auch in empirischen Studien zu bestatigenjdilrheitlich eine positive Korrelation der
Anzahl an Wettbewerbern mit der Marketingintensiggtstellen und damit auf eine starke
Wettbewerbsorientierung der Manager hindeutendhitil979). Insgesamt bleibt allerdings ein
heterogenes Bild Uber die Studien, das sich enmsthdainen Blick auf die Budgetallokation
aufklart. Bei Marketinginstrumenten, die vor alleoneiner Erweiterung des Marktes beitragen,
lasst sich mit zunehmender Anzahl an Wettbewerlbeer-Rider-Verhalten, d. h. reduzierte
Marketinginvestitionen, beobachten. Die AusgaberMiarketinginstrumenten mit Business-
Stealing-Effekt nehmen hingegen zu (lizuka 2004).

Eine weitere signifikante Wirkung auf die Marketinignsitat haben die sogenannten
Multimarktkontakte, d. h. die Anzahl der Markte adkEnen zwei Firmen mit ihrem
Produktportfolio in Konkurrenz stehen. Es zeigthstabei, dass je mehr Multimarktkontakte
existieren und je ahnlicher sich die Méarkte sinestd geringer ist das Marketingbudget, da die

Angst vor Vergeltung zu hoherer Riucksichtnahmetf(®hen 1996).

Marketingausgaben der Wettbewerber: Der Einfluss des Wettbewerbs auf die
Marketingbudgetierung ist bereits durch die wettbdsorientierte Budgetierungsmethode
offensichtlich und bestatigt sich auch in empiresch Studien. Unter der Annahme
gewinnoptimalen Verhaltens lassen sich haufig dehelUberreaktionen auf Marketingaktionen
der Konkurrenz beobachten (Chintagunta und Desi@fib). Es scheint die Verbesserung der
eigenen Position im Vordergrund zu stehen - auchnwaies zu Lasten des Gewinns geht
(Chintagunta, Kadiyali und Vilcassim 2006). Einesbithe hierfir kdnnte in der Heranziehung
von ErfolgsgrofRen liegen, die in Relation zur Komknz stehen. Ebenso kdnnen sie als
Strafaktion gedacht sein, um die Konkurrenz abzesien (Lynn 1987). Allerdings wurden
auch Falle von kooperativen Wettbewerbsverhaltabaehtet (Chintagunta und Desiraju 2005).
In diesen Fallen steht die Absicht im Vordergruhtirketingkriege vermeiden zu wollen, so
dass eine angemessene Reaktion gescheut wird.nbeeschiedlichen Ergebnisse lassen sich
vor allem auf zwei Interaktionseffekte zurickfihredum einen wird die Art der Reaktion
wesentlich von der Unternehmensgrof3e beeinflussimibDantere Marken werden starker als
Bedrohung wahrgenommen, da sie Uber die notwend®gssourcen fir einen Marketingkrieg
verfugen. Die Reaktion auf Aktionen dominanter Markfallt daher deutlich verhaltener aus
(Dekimpe und Hanssens 1999). Zum anderen zeigtesiehgeringere Aggressivitat in spateren
Phasen des Produktlebenszyklus, da die Aussichtgarihge Gewinne in der Reifephase

Vergeltungsmal3nahmen nicht rechtfertigen (Chen 1996
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6.2.5 Zeitdeterminanten

Produktlebenszyklus: Nach der mikrokonomischen Theorie st es bei einer
Produktneueinfihrung zunachst notwendig, intensivegketing zu betreiben, um mittels
Carry-Over-Effekten einen hohen Bekanntheitsgrad déds Produkt aufzubauemilawadi,
Farris und Parry1994)Tatsachlich konnte in vielen empirischen Studyeazeigt werden, dass
die Marketingintensitat bei der Produkteinfihrumg hochsten ist und in den anschlielRenden
Phasen des Produktlebenszyklus kontinuierlich abminbementsprechend finden sich in den
frihen Phasen des Lebenszyklus vor allem Werberhafiarg die die Wahrnehmung der Marke
erhohen und auf diese Weise den Diffusionsverlastbleunigen sollen (lizuka 2004). In den
spateren Phasen wechseln Manager aufgrund zunebméviettbewerbsdrucks auf Promotion-
Malinahmen (Shankar 2009). Gleichwohl werden iremiédtudien auch insignifikante Effekte
gemessen, was eine Folge gegenlaufiger Effekteks@in. So gilt in der Wachstumsphase, dass
Firmen sich zu Free-Riding ermuntert fuhlen, wabran der Reifephase, ein erhohter
Marketingaufwand nétig wird, um in dem wettbewenbsnsiven Markt seine Position

verteidigen zu kdnnen.

Markteintrittsreihenfolge: Die Eintrittsreihenfolge der Produkte in den Mavkiirde bisher
nur selten empirisch getestet. Es zeigt sich ddmndass Pioniere und frihe Folger héhere
Marketingbudgets aufweisen (lizuka 2004), was semmutlich auf die héhere Effektivitat des
Marketing bei Pionieren zurtickfuhren lasst (Shap&arpenter und Krishnamurthi 1998).

6.2.6 Organisationsdeterminanten

Organisationsform: Die Studien von Piercy (1987a,b) zeigen einen ddgh Einfluss der
Organisationsform auf das Budgetierungsverhalteisgdsamt lasst sich bei Bottom-Up-
Prozessen eine starkere Marketingintensitat beddackie wahrscheinlich auf die geringere
Kontrolle durch das Topmanagement und die Finae#aby, die ein starkeres Interesse an
einer Begrenzung des Marketingbudgets haben, zmufithren ist. Zusatzlich zeigen
verschiedene politische Faktoren einen Einfluss ciefH6he des Budgets. Dieses ist desto
hoher, je politischer der Prozess insgesamt gestidEin einheitlicher direkter Einfluss durch

die Macht der Marketingabteilung konnte hingegermnbestatigt werden.

Budgetierungsmethode:Die Wahl der Budgetierungsmethode auf das Budgetgmverhalten
wurde in mehreren Studien untersucht, dennoch kosioh kein einheitliches Bild durchsetzen.
Grundsétzlich scheint allerdings die gewinnorietgieZiele-und-Aufgaben-Methode eine
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starkere Marketingintensitat zu bewirken (Gilligh®i77), wahrend die Budgets bei Anwendung
kostenorientierter Ansatze deutlich kleiner sine{& 1987a).

Partizipation am Geschéftserfolg: Die Effekte auf das Marketingbudgetierungsverhalten
durch die Partizipation der Manager am Unterneheréolg wurde in der empirischen
Forschung mit zwei unterschiedlichen Konstruktetersucht. Zum einen wurde gezeigt, dass
der Zusammenhang der Marketingintensitat mit deneHdes Besitzanteils der Manager am
Unternehmen einem invertiert U-férmigen Zusammeghtoigt. Diese Beobachtung ist im
Einklang mit der Agency-Theorie, nach der zwei ge@efige Effekte auftreten. Zum einen
konvergieren mit zusatzlichem Besitzanteil die dlessen von Management und Eigentimer
und fuhren zu geringerer Marketingintensitat, wasteu der Annahme des héaufig zu
beobachteten ,Overspendings’ mit einem effiziemevarketingeinsatz vergleichbar ist. Zum
anderen treten allerdings nicht-lineare Entfremdeffgkte auf, die zu suboptimalen Effekten
und zu hohen Ausgaben fihren (z.B. Empire Buildige Entfremdungseffekte sind bei sehr
niedrigem Besitzanteil kaum vorhanden, da Markidlsz den Manager zu optimalem
Verhalten nétigt. Mit wachsendem Einfluss der Marageigen diese jedoch zu suboptimalem,
ihren Interessen folgendem, Verhalten. Durch diee{digerung Uberwiegen bei geringem
Besitzanteil die positiven Effekte, bei mittlerene chegativen und bei hohem wieder die
positiven Effekte.

Zum anderen wird anhand des Bonussystems der Mdogglenung gezeigt, dass je mehr der
Wohistand eines Managers an den langfristigen datenenserfolg anstatt den kurzfristigen
Gewinn gebunden ist, desto mehr wird fur Marketanggegeben (Corfman und Lehmann
1994). So fuhren kurzfristige Kompensationen, zGBhalt und Bonus, zu einer Reduktion der
Marketingintensitat, wahrend hingegen eine lantyffgs Kompensation durch Optionen die
Marketingintensitat erhdht, auch um die Volatilidgés Aktienkurses des Unternehmens und

damit den Wert der Option zu erhéhen (Supanvar@ip20

6.3 Zusammenfassung

Zusammenfassend lassen sich damit die folgenddmtigen empirischen Generalisierungen zu
Einflussfaktoren der Marketingbudgetierung festralt
- Produkte von hdherer Qualitdt weisen eine starkéaeketingintensitat auf, was eine
bessere Kommunikation der Vorteile des Produktgticht.
- Haufig gekaufte Produkte werden weniger stark bbetwr da es sich hier wohl meist
um standardisierte Produkte des Alltags handeltd&een sich der Konsument in seiner

Kaufentscheidung verstéarkt auf seine eigene Erfahatiitzt.
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- Freies verfugbares Kapital, z. B. infolge einer émlProfitabilitat, wird (teilweise) in
verstarktes Marketing investiert.

- Bei Unternehmen, die einen groRen Markt bedien@n bine dominante Marktstellung
besitzen, finden sich geringere Marketingintensitatvéahrend eine breite Kundenbasis
gleichzeitig die Marketingintensitat erhoht.

- Grundsatzlich Iasst sich eine starke Wettbewerbetierung der Manager feststellen,
die zu einer starkeren Marketingintensitat bei egré3eren Anzahl an Wettbewerbern
bzw. bei gréReren Marketinginvestitionen durchKiakurrenz fihrt.

- Ein Unternehmen investiert desto weniger in daskigtang, je starker der Einfluss des
Topmanagements im Budgetierungsprozess ist unargristiger geplant wird.

7 Determinanten der Wahl der Budgetierungsmethode

7.1 Untersuchungsrahmen

Allgemein untersucht die empirische Literatur Deteranten der Wahl der
Budgetierungsmethode Uber eine Analyse von Zusatamgen zwischen Manageraussagen zu
angewendeten Methoden sowie gleichzeitig erhobexegenen Faktoren, z. B. Markt- oder
Unternehmenseigenschaften. Hier lassen sich zwéerElichungsansatze identifizieren. Der
erste analysiert direkt Korrelationen zwischen éhgiiizen fir einzelne Regeln und exogenen
Faktoren. Dabei existiert in vielen Studien ein &olauf der Ziele-und-Aufgaben-Regel, um
Determinanten zu identifizieren, die die Anwendutifferenzierter Budgetierungsmethoden
fordern. Beim zweiten Ansatz werden Unternehmen daf Basis ihrer Angaben zu
verwendeten Methoden hinsichtlich ihres Komplegiggads im Budgetierungsverhalten
bewertet und dieses Mal3 in Relation zu exogenerofeak untersucht. Aus dem Ergebnis
lassen sich ebenfalls Determinanten identifizieds®.eine bessere Budgetierungspraxis fordern.
Einen anderen Weg gehen Wagner und Fischer (2Qdi¢),die Kritik aufgreifen, dass
Managerumfragen infolge verschiedener Verzerrufgsief und Ungenauigkeiten, wie z. B.
dem Key Informant Biasnur begrenzt aussagefahig sind (Armstrong undrtowel973). Aus
diesem Grund untersuchen sie anstelle des in Usrirggaul3erten Willens von Managern das
tatsachliche Budgetierungsverhalten. Dazu werderBddgetierungsmethoden formalisiert, ihr
Einfluss auf die Bestimmung der Marketingbudgetscbétzt und anschliel3end die Wirkung

exogener Faktoren auf den Einfluss der einzelnethddien analysiert.
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7.2 Determinanten der Wahl der Budgetierungsmethode

Die Anzahl der empirischen Studien, die Einflustdadn auf die Wahl der
Budgetierungsmethode untersuchen, ist eher gesmglass eine Ableitung allgemeingdltiger
Aussagen aus einem Vergleich dieser Studien misi®lat zu betrachten ist. Dennoch lassen
sich bei den meisten Determinanten deutliche Mustkennen, die im Folgenden diskutiert
werden. Tabelle 3 bietet dazu einen Uberblick (Bvgebnisse empirischer Studien hinsichtlich
der Wirkung von Faktoren auf die Anwendung kompteRadgetierungsmethoden, d. h. im
Besonderen auf eine Anwendung der Ziele-und-Aufga®egel.

Tabelle 3: Anzahl der Studien, die einen signifikaten Einfluss durch die Determinanten
auf die Anwendung komplexer Budgetierungsmethoderektstellen

Einfluss auf die Anwendung komplexer

Budgetierungsmethoden
Linear Nicht linear
Determinante Konzeptualisierung Positiv Negativ  ifRos Negativ Nicht
signifikant

Produktkategorie =~ Konsumguter 6 (55%) 5 (45%)

Langlebigkeitdes 1 (50%) 1 (50 %)

Produkts
Profitabilitat 6 (86%) 1 (14%)
Marktdominanz 7 (70%) 3 (30%)
Marktkonzentration 2 (100%)
Marktwachstum 2 (67%) 1 (33%)
Produktlebens-  Zeit im Markt 1 (100%)
zyklus
Markteintritts- 1 (100%)
reihenfolge
Organisations-  Macht Marketing- 7 (88%) 1 (13%)
form abteilung
Partizipation am Ho6he des Besitz- 1 (100%)

Geschéftserfolg anteils
Langfristigkeit d. 3 (100%)
Belohnung

Anmerkung:Die Angaben in Klammern zeigen, wie viele der &nddie diese Determinante untersucht haben,
einen entsprechenden Effekt gemessen haben. Failibfermationen zu den empirischen Ergebnissehesidie
Tabellen 8a/b sowie 9 im Appendix.

7.2.1 Produktdeterminanten

Produktkategorie: Managerumfragen identifizieren die Produktkategoaés eine der

wichtigsten Einflussfaktoren bei der Wahl der Budgyengsmethode (Mitchell 1993).
Konsumaguterhersteller haben dabei am schnellsténdigu Verdnderungen eines starkeren
Wettbewerbs und sich wandelnder Marktbedingungexgieet und bereits frih komplexere
Budgetierungsmethoden Ubernommen. IndustriegUtsdiler sowie Dienstleister wendeten
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hingegen langer einfache Regeln an, Ubernehmen raberverzogert ebenfalls zunehmend
komplexere Budgetierungsmethoden (Miles, White ukthnilla 1997); obgleich die

finanzkraftorientierte Regel noch immer die stéek3terbreitung findet. Dies mag an der
traditionell wichtigeren Rolle des Marketing zuinstlierung der Nachfrage bei Konsumgutern
liegen. Der Trend zu komplexen Budgetierungsmeth@déeint bei langlebigen Konsumgitern
besonders stark ausgepragt zu sein (Ramasesha) W88dend bei FMCG einfache Methoden,
wie der finanzkraft- oder der wettbewerbsorientiefinsatz starker verwendet werden (West
und Hung 1993). Insgesamt findet sich allerdingszin vielen Studien ein insignifikanter

Einfluss der Produktkategorie, als dass die bedbtarh Effekte als empirisch generalisierbar

angesehen werden kdnnten.

7.2.2 Preisdeterminanten

Profitabilitat: Die Profitabilitat eines Unternehmens gilt als e8chlisseltreiber der

Anwendung komplexer Budgetierungsmethoden (Lynct Hioley 1990). Insbesondere die
Ziele-und-Aufgaben-Methode findet bei profitablemternehmen breite Anwendung (Parry,
Parry und Farris 1991). Die Ursache mag in denaygi8Ressourcen profitabler Firmen liegen,
die ihnen die Anwendung differenzierter Methodeteiehtern (West und Crouch 2007).
Angesichts hoherer Profitmargen ist auch der Anr&amplexere Methoden anzuwenden,

grol3er, da bei einer Ausweitung der Nachfrage desrwartende Gewinn umso starker steigt.

7.2.3 Marktdeterminanten

Marktwachstum: In einer Umfrage von Prendergast, West und ShigR@@b die Mehrzahl
der befragten Manager an, dass sie ihre Budgetismmethode wechseln, wenn sie im
Angesicht von geringen Wachstums- bzw. Schrumpiatgs des Marktes unter
Profitabilitatsdruck geraten. Wahrend bei hohem Ngaom der Strategiefokus auf
Ausschopfung der Mdoglichkeiten liegt, die eine vehmte Anwendung der Ziele-und-
Aufgaben-Regel zur Folge hat, konzentrieren sickelthehmen bei niedrigem Wachstum oder
Schrumpfung auf Kostenkontrolle bzw. Verteidigureg Marktposition durch z. B. die Prozent-
vom-Umsatz-Regel bzw. den wettbewerbsorientiertaratz (Mitchell 1993). Auch wenn sich
dies in empirischen Studien grundsatzlich bestaiggthier noch weiterer Forschungsbedarf

notwendig.

7.2.4 Wettbewerbsdeterminanten

Marktdominanz: Die empirische Literatur stimmt mehrheitlich datiberein, dass grof3e und

dominante Firmen mehrheitlich komplexere Budgetigamethoden anwenden, im Besonderen
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die Ziele-und-Aufgaben-Regel (Hung und West 19®ig¢s wirde die Pramisse unterstitzen,
dass groR3ere Unternehmen ein starkeres InteregestrPracticenaben. Vermutlich lasst sich
dies auf die breitere Verfugbarkeit umfangreicheatddsatze sowie die Existenz eines
Operations Departmentdas zur Entwicklung und Schatzung von quantigtiwWodellen
bendétigt wird, zurtickfihren (Parry, Parry und Fai®91). Gleichzeitig besteht die Méglichkeit,
dass eine in vielen grol3eren Unternehmen vorhearnstsh Produktvielfalt die Anwendung
fortschrittlicher Budgetierungspraktiken ergibt. idech finden sich in einigen Studien
insignifikante Effekte, die eventuell darauf zurédgkihren sind, dass mit der Zeit vermehrt
auch Unternehmen mittlerer Gro3e die Ziele-und-Ab&n-Regel anwenden (Miles, White und
Munilla 1997).

Marktkonzentration: Die empirische Literatur offenbart eine Praferefiz @ifferenzierte
Methoden in hoch konzentrierten Markten, wahrendvilden Wettbewerbern eher einfache
Regeln angewendet werden. Aufgrund des offensitlgh Zusammenhangs der
Marktkonzentration mit der Gro3e der Unternehmeéediss vermutlich auf die gleichen Effekte
wie bei der Marktdominanz zurtckzufihren, wonacbl3gr Unternehmen die notwendigen
Ressourcen fur die differenzierte Bestimmung vordais besitzen (Parry, Parry und Farris
1991).

7.2.5 Zeitdeterminanten

Produktlebenszyklus: Uber die Halfte der befragten Manager in der Studie Mitchell (1993)
bestétigen, dass sie bei neu eingefuihrten Prodwidare Budgetierungsmethoden anwenden
als bei etablierten. Es zeigt sich dabei eine &g Anwendung der Ziele-und-Aufgaben-
Regel in den spateren Phasen des Lebenszyklusatef hindeutet, dass Produkte wahrend
ihrer Reifephase mit einem differenzierten Markgprogramm begleitet werden. Hintergrund
ist vermutlich ein erhdhter Konkurrenzdruck infolggner stagnierenden oder sinkenden
MarktgréRe (Wagner und Fischer 2011). Es bedarf jgdoch noch weiterer empirischer
Forschung um generalisierbare Ergebnisse ableitédnen.

Markteintrittsreihenfolge: Die Anwendung differenzierter Budgetierungsmethofilethet sich
eindeutig haufiger bei Pionieren. Dies wird auf éiger marktdominierende Position friher
Markteintritte zurlickgefihrt, die infolge ihrer @® auf die notwendigen Ressourcen eines
komplexen Budgetierungsverfahrens zurtickgreifen nkan (Wagner und Fischer 2011).
Allerdings besteht hier ebenfalls noch weiterersEbungsbedarf.
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7.2.6 Organisationsdeterminanten

Organisationsform: Es zeigt sich deutlich, dass bei einem starken |&&sf durch das
Topmanagement bei einem eher Top-Down gepragteneBsoeinfache Methoden wie die
managementerfahrungsbasierte oder die finanzkiafitoerte Regel den Budgetierungsprozess
dominieren. Gleichzeitig findet sich bei einer Bot-Up-Prozessstruktur und einem starkeren
Einfluss der Marketingabteilungen eine vermehrtew@ndung der Ziele-und-Aufgaben-
Methode. Durch die verstéarkte Interaktion mehrébteilungen entsteht eine differenziertere
Budgetallokation (Prendergast, West und Shi 200@)yry, Parry und Farris (1991) weisen
allerdings darauf hin, dass der Einfluss der Pstasktur insignifikant wird, sobald im Modell
politische Faktoren bertcksichtigt werden. Vernolitlist daher der gemessene Effekt eher den
bei diesen Organisationsformen typischen politiscknflissen zuzuschreiben. Daraus lasst
sich auch ableiten, dass je starker ein Prozesh gualitische Einflussnahmen gepragt ist, desto
eher wird die Ziele-und-Aufgaben-Regel angewenDetses Ergebnis ist im Einklang mit der
Vermutung, dass diese Methode vor allem als Ingtnineinflussreicher Akteure verwendet

wird, um eigene Ziele durchzusetzen (Piercy 1987a).

Budgetierungsmethode: Korrelationsanalysen offenbaren, dass Methoden idnauh
Kombination Anwendung finden. Sehr haufig zeighsiabei die Kombination der Anwendung
von der Ziele-und-Aufgaben-Methode mit der finamdtarientierten Regel (Lynch und Hooley
1990) oder mit wissenschaftlichen Optimierungsmedmo (Parry, Parry und Farris 1991).
Ebenso findet sich auch eine verstarkte gemeinsameendung des wettbewerbsorientierten
Ansatzes mit Optimierungsmethoden (Miles, White Whahilla 1997).

Partizipation am Geschaftserfolg:Empirisch wurde bestatigt, dass die Anwendung kexgal
und differenzierter Budgetierungsmethoden verhieitist, wenn das Management langfristiger
orientiert ist, z. B. durch ein gesteigertes Bewasesa fur die langfristige Werbung des
Marketing und die Orientierung am langfristigen €mehmenserfolg (Low und Mohr 1999).
Zusétzlich zeigen Joseph und Richardson (2002)hiariStudie, dass die Annahmen der
Agency-Theorie in Bezug auf die Wirkung des Grads @esitzanteils von Managern am
Unternehmen auch auf die Wahl der Budgetierungsmethzutreffen. So finden sich
gegenlaufige Konvergenz- und Entfremdungseffekie, dazu fihren, dass die Neigung
differenziertere Methoden anzuwenden, bei mittle®mad am Besitzanteil am hochsten ist,
wahrend bei niedrigem oder hohem Grad eher kostarimrt budgetiert wird.
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7.3 Zusammenfassung

Zusammenfassend lassen sich damit die folgenddmntigen empirischen Generalisierungen zu
Einflussfaktoren der Wahl der Budgetierungsmethedthalten:

- Profitablere Unternehmen wenden mehrheitlich kongye Budgetierungsmethoden an,
was sich vermutlich auf die Verfugbarkeit eineritenen Ressourcenbasis, die fur eine
komplexe Budgetierungspraxis notwendig ist, sowibener Anreize durch die gréRere
Profitmarge zurlckfihren lasst.

- Bei (grofen) Unternehmen in hochkonzentrierten kégrkfindet sich eine breitere
Anwendung komplexer Budgetierungsmethoden, was wiich ebenfalls auf die
breitere Ressourcenbasis zurtickgefuhrt werden kann.

- Je starker ein BudgetierungsentscheidungsprozessnBdp orientiert ist und je starker
dieser durch politische Einflussnahme gepragt dssto mehr findet die Ziele-und-
Aufgaben-Regel Anwendung.

8 Kritische Wirdigung der empirischen Forschung

8.1 Inhaltliche Kritik

Zusammenfassend lasst sich im Rahmen des zugretetgten konzeptionellen Bezugsrahmens
festhalten, dass ein umfangreicher Erkenntnisstaitoer die Einflussfaktoren der
Marketingbudgetierung besteht. Dennoch lassen ®&ende Kritikpunkte festhalten, die
Ansatzpunkte fur die zukiinftige Forschung liefern.

8.1.1 Budgetierungsmethoden

Bertcksichtigung politischer Einflussfaktoren: Greift man das Ergebnis von Piercy (1987b)
auf, wonach politische Faktoren einen deutlich gréR Erklarungsbeitrag zur Ausgestaltung
des Marketingbudgets liefern als die reinen Budgetigsmethoden, sind die
Umfrageergebnisse zur Anwendung von Budgetierungstiken nur begrenzt aussagefahig
und unterliegen der Gefahr einer Verzerrung. Eankstrer Fokus auf politische und strukturelle
Faktoren und dessen Beriicksichtigung in Managera@atungen kdonnten einen Beitrag zur
Entwicklung eines umfassenden ErklarungskonzepssBiglgetierungsverhaltens liefern, aus
dem sich auch der theoretische Unterbau eines Nodelr empirischen Analyse der

Marketingintensitat bzw. -allokation ableiten lieRe

Untersuchung der Wirkung des Einsatzes von Budgetiengsmethoden auf

Erfolgskennzahlen: Die deskriptive Analyse des Marketingbudgetierumgbaltens besitzt den
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Anspruch aus dem beobachtbaren Verhalten von @eeichen) Unternehmen Richtlinien und
Implikationen fir eine erfolgreiche Budgetierung lesien zu konnen. Eine direkte
Untersuchung des Budgetierungsverhaltens auf Jerseahe Erfolgskennzahlen ist bisher
allerdings noch nicht vorgenommen worden, obglesith hieraus wesentlich deutlicher
Erfolgsfaktoren der Marketingbudgetierung identdiren lieBen. So ist zu beobachten, dass
Marketingbudgetentscheidungen Kapitalmarktreaktiomeislosen (Srinivasan und Hanssens
2008). Daher konnte eine Untersuchung der kurz- tanyfristigen Auswirkungen am
Kapitalmarkt durch bestimmte Budgetierungspraktikeinen wesentlich tieferen Einblick

liefern.

8.1.2 Determinanten der Marketingintensitat

Unzureichende theoretische FundierungDie Modelle in den empirischen Untersuchungen
sind selten mit einer theoretischen Basis verknids ist im Besonderen verwunderlich, da die
Theorie zur Marketingbudgetierung zahlreiche AnKniagspunkte liefert. In der Konsequenz

unterbleiben damit meist eine Uberpriifung theothtis Ergebnisse sowie eine systematische

Darstellung der empirischen Einzelbefunde.

Unvollstandigkeit von Untersuchungsmodellen:Der konzeptionelle Bezugsrahmen stellt
verschiedene mdogliche Einflussfaktoren auf die Mangbudgetierung dar. Eine auch nur
anndhernd vollstdndige Untersuchung zu den Erfakgsfen, d. h. ein interdependentes
Gesamtmodell, liegt jedoch bisher nicht vor. Daleuss kritisch hinterfragt werden, ob
aufgezeigte Einflussfaktoren auf die Budgetierunchindurch unbertcksichtigte Variablen

(Omitted Variable Biasyerzerrt dargestellt werden (Ailawadi, Farris Udatry 1994).

Generalisierbarkeit der empirischen ErgebnisseDie meisten der diskutierten Determinanten
der Marketingintensitdt kénnen durch die Ergebnissehrerer empirischer Studien als
generalisierbar angesehen werden. Dennoch lasszeihohe Heterogenitét in den Ergebnissen
oder ein zu geringer Untersuchungsumfang Unsiclterhéber die Wirkung einiger Faktoren.
Im Besonderen bei den Faktoren ,Hidden Values fittalitat auf Industrieebene sowie
Marketingausgaben der Wettbewerber lassen sichidgetee Ergebnisse beobachten. Ursache
konnten unterliegende moderierende Effekte oddrtiiceare Wirkungszusammenhange sein,
die es zu erforschen gqilt. Der Einfluss eines negien Marktbezugs sowie der
Organisationsform ist hingegen noch sehr wenigrecft worden, so dass mangels einer
ausreichenden Anzahl empirischer Ergebnisse nungiedllgemeingultige Aussagen abgeleitet

werden konnen.
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Konzeptualisierung von Faktoren: Die Fahigkeit, die Wirkung exogener Einflisse aatd

Marketingbudgetierungsverhalten zu schatzen, istembegrenzt durch die Fahigkeit, diese zu
konzeptualisieren. So zeigt ein Vergleich der dimze Studien, dass die Effekte, die im
Rahmen der empirischen Untersuchungen abgebildetdewe sollen, unterschiedlich

operationalisiert werden. Bisweilen findet sich @ogine weitere Aufgliederung der Effekte in
Teilfaktoren, die verschiedene Aspekte des Effakterhalb eines Modells abbilden. Ebenso
findet sich eine Mischung von Faktoren, bei der reghEffekte durch eine Variable dargestellt
werden (Farris, Shames und Reibstein 1998). Wieddei anderen Einflissen, z. B. der
Marktstruktur, ist noch Uberhaupt kein Faktor gelieim worden, dem eine hinreichende
Abbildung gelingen wiirde (Lee 2002). Aus diesemr@rbedarf das Modell einer grindlichen
Spezifikation, um aus den mathematischen Ergelmisske wahren empirischen

Zusammenhange und Beziehungen zu identifizieren.

Untersuchung nicht-linearer KausalzusammenhangekEinige frihere Studien haben nicht-
lineare Wirkungszusammenhénge einzelner Determenanauf die Bestimmung der
Marketingbudgets festgestellt (z. B. Keown et &89). Es ist Uberraschend, dass diese
Ergebnisse mit Ausnahme der Marktkonzentrationpéteren Studien nicht mehr aufgegriffen
werden, obwohl sie teilweise einen sinnvollen Bejtzur Erklarung von widersprichlichen
Ergebnissen liefern. Weiterfihrende Studien solttaher auch nicht-lineare Zusammenhange
untersuchen, um bereits gefundene Ergebnisse iierah oder ahnliche Verlaufe bei weiteren

Determinanten festzustellen.

Aufgliederung der Preiseffekte auf die Marketinginensitat: Die Ergebnisse zum Preis als
Erklarungsfaktor der Marketingintensitat sprecheafid in zukinftigen Modellen mit
produktibergreifenden Datensétzen, @hnlich wie Haaris und Buzzell (1979), sowohl den
relativen Preis als auch den absoluten Preis desluRts zu berlcksichtigen um die
widerspriichlichen Effekte separat abbilden zu kénneDies konnte mdgliche

Verzerrungseffekte vermeiden und die ErgebnisseRarns und Buzzell (1979) validieren.

8.1.3 Determinanten der Wahl der Budgetierungsmethate

Generalisierbarkeit der empirischen Ergebnisse zu Bterminanten der Wahl der
Budgetierungsmethode: Insgesamt ist das Feld der Einflussfaktoren auf diahl der
Budgetierungsmethode noch zu wenig erforscht. Einigr im Rahmen dieses Beitrags
diskutierten Ergebnisse zu den einzelnen Deterrmgmakassen sich auf nur ein oder zwei

Studien zurtckfuhren. Dies gilt im Besonderen flie dhussagen zu den Effekten der
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Langlebigkeit eines Produkts, dem Produktlebenswylder Markteintrittsreinenfolge sowie der
Partizipation des Managements am Unternehmensegii@igdenen nur eine geringe Anzahl
empirischer Ergebnisse vorliegt. Hier besteht nocimgender weiterer Forschungsbedarf.
Ebenso bleiben regionale Einflisse auf die WahIBlgtgetierungsmethode undurchsichtig, da
Studien widerspriichliche oder insignifikante Effekeststellen. Bigné (1995) fuhrt dies auf
Fehler bei der Datengrundlage zurlick, da zu vieldtimationale Unternehmen die Effekte

verzerren.

8.2 Methodische Kritik

Einheitlichkeit der Forschungsmethode bei Untersuchng der Budgetierungsmethoden:
Studien zur Anwendung von Budgetierungsmethoden Unternehmen sollten eine
einheitlichere Forschungsmethode anwenden, um eigl&ichbarkeit zwischen den Studien zu
erhdhen und Trends besser erkennen zu kénnen.sSenlaich teilweise grol3e Unterschiede
hinsichtlich der Methodik der Datensammlung, demagébogendesign, der befragten
Grundgesamtheit und abgefragten Budgetierungsmethidoden, was eine mégliche Erklarung
fur die Heterogenitat in den Studienergebnissem ls@inte. Dartber hinaus ist es nicht mdglich,
den Einfluss der einzelnen angewendeten RegelrdenifMarketingbudgetierungsprozess zu
identifizieren (Mitchell 1993). Dies impliziert an@ine Untersuchung der genauen Umsetzung
einzelner Regeln, da insbesondere bei der ZieleAwidaben-Regel Unsicherheit Uber eine

genaue Anwendung durch die Manager besteht.

Key Informant Bias: Die Umfrageergebnisse zum Budgetierungsverhaltemesei
Unternehmens basieren ausschlie3lich auf den Aassgiges Unternehmensreprasentanten, der
meist dem Topmanagement angehdrt. Allerdings ppigizn unzahlige Manager auf
verschiedenen Hierarchieebenen und in verschiedab&ilungen am Budgetierungsprozess.
Es kann daher davon ausgegangen werden, dasshdJnéernehmensposition und —funktion
sowie je nach Kenntnisstand die Einstellung zur Kdangbudgetierung variiert. Diese
unterschiedlichen Perspektiven innerhalb eines tdatenens werden durch d&ey Informant

Biasnicht abgebildet.

Bertcksichtigung des mehrstufigen Charakters des BilgetierungsprozessesStudien zum
Budgetierungsverhalten ignorieren mit wenigen Atwsn@ (z. B. lizuka 2004) den mehrstufigen
Charakter des Budgetierungsprozesses. So wirdrsiie 8tufe, d. h. ob das Produkt Giberhaupt
beworben werden soll, nicht modelliert. Es waresaat, diesem Wesenszug des Prozesses

Rechnung zu tragen, indem z. B. die erste Stufeelsieines Logit-Modells abgebildet wird.
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Daraus lie3en sich weitere Einsichten zu den Determien des Budgetierungsprozesses und
ihren Einfluss in den einzelnen Schritten der Bubggtimmung sammelin.

Berticksichtigung von Endogenitat: Ein methodisches Problem stellt die Simultanitéat
zwischen dem Marketingbudget und vielen Einflussfedn dar. So konnte bereits ein
Endogenitatsproblem fur den Zusammenhang von ddreHities Marketingbudgets und der
Profitabilitat eines Unternehmens empirisch gezeigirden (Amadi 2005). Eine Nicht-

Berucksichtigung dieses Problems hat verzerrtet3efrgebnisse zur Folge. Da nur sehr wenige
Studien sich diesem Problem angenommen haben,hbesdéer die Gefahr, dass die im
Rahmen dieses Beitrags diskutierten Ergebnisse/dererrung unterliegen. Weitere Studien
missten mdogliche Simultanitaten identifizieren, sdass diese in zukinftigen

Budgetierungsstudien beriicksichtigt werden konhwofthy und Zhao 2000).

Beschreibung der DatengrundlageDie Ergebnisse von Blasko und Patti (1984) deutén a
einen hohen Grad der Ungenauigkeit bei der Abgrematon Marketingbudgets hin. Es ist
anzunehmen, dass Widerspriiche und UnterschiedernnEdgebnisse auch eine Folge von
Ungenauigkeiten bei der Datenerfassung sein korteeist daher dringend anzuraten, dass die
Datengrundlage von Studien genauer beschrieben windRUuckschlisse und Erklarungen fur

maogliche Widerspriche in den Ergebnissen zu finden.
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Tabelle 4. Umfrageergebnisse der Studien zur Anwemnkhg von Budgetierungsmethoden

% der befragten Manager geben an, folgende

_ Budgetierupgsmethode zu verwenden

o T N ¢ =

8 ¢ & g 8 & ¢ 2

<= [} 0e] = c @ <

2 & g 2 § & B &

5 2 2 2 2 g3 2 ¢

2 2 £ 8§ 2 £ 2 ¢

>3 - & ¢ v ¢ © £ 9

$§ s 8 % £ %3 % § o

£ © s o » 2 S d 17

8 ¢ $ 2 5 % £ 8 &
Studie O N & X & = L = o
San Augustine/Foley (1975) 2 6 50 14 / [/ 30 12 26
San Augustine/Foley (1975) 4 10 28 16 [/ | 26 34 10
Permut (1977) 13 15 58 33 / /43 18 3
Permut (1977 0 10 20 5 / [/ 63 50 15
Gilligan (19775 0O 10 38 31 / 5 8 / 8
Gilligan (1977% 4 4 52 28 | 2 4 | 6
Jobber (1980) 5 62 25 13 [/ 15 |/ /13
Patti/Blasko (1981) 51 63 53 20 / 24 20 4 /
Lancester/Stern (1983) 20 80 53 20 3 38 13 / |12
Blasko/Patti (1984) 3 74 16 23 / 21 33 13 |/
Hooley/Lynch (1985) [/ 43 56 |/ /29 51 | 14
Hooley/Lynch (1985) / 36 29 [ [/ 19 42 | 7
Ortega (1986) /43 13 |/ / / /32
Piercy (1986) 1 41 25 11 / /[ 34 3
Lynch/Hooley (1987) [/ 40 33 |/ [/ 10 54 |/ 4
Piercy (1987b) 1 39 23 6 / 2 31 |/ )
Lynch/Hooley (1989) /51 21 |/ / 6 49 [ 17
Martenson (1989) [ 42 32 ] / [ 14 | 12
Synodinos/Keown/Jacobs (1989) [ 73 38 /[ 11 22 24 46 5
Synodinos/Keown/Jacobs (1989) / 54 33 |/ 16 O 5 51 1(
Synodinos/Keown/Jacobs (1989) / 68 38 [/ 13 8 3 8 0
Synodinos/Keown/Jacobs (1989) | / 36 36 / 21 33 30 27 15
Synodinos/Keown/Jacobs (1989) / 69 31 |/ 6 33 25 8 O
Filiatrault/Chebat (1990) / 58 69 / 80 17 49 / /
Lynch/Hooley (1990) / 53 33 [/ /10 49 |/ 23
Lynch/Hooley (1990) /| 44 22 | |/ 10 53 [/ 23
Ramaseshan (1990) / 5 5 30 [/ / 35 25 |/
Ramaseshan (1990) / 42 30 6 [/ | 2 20 [/
Ramaseshan (1990) / 5 34 7 / /24 29 |
Parry/Parry/Farris(1991) 11 63 3 / /[ 12 68 19 |7
Hung/West (199%) / 61 31 14 |/ 33 47 | /
Hung/West (1997) / 75 21 11 |/ 46 39 [/ |/
Hung/West (1991) / 50 42 6 /36 36 [/ /
Mitchell (1993) /40 27 8 / / / /19
Miles/White/Munilla (1997) / 67 24 26 52 12 48 |/ /
Reinecke/Reibstein (2002) / / 33 27 47 7 | 53 18
Reinecke/Reibstein (2002) / [ 45 27 42 8 [ 45 24
Francois (2003) [ 27 14 | / 5 27 31 |
Prendergast/West/Shi (2006) 3 39 44 28 | 26 62 27 |/
West/Crouch (2007) 0 24 21 4 / 7 18 4 18
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Tabelle 5: Eigenschaften der Studien zur Anwendungon Budgetierungsmethoden
Unternehmens- Beobach-
Studie Produktkategorie Land groré tungen
San Augustine/Foley (1975) Konsum U G 25
San Augustine/Foley (1975) Industrie U G 25
Permut (1977) Konsum US/Europa G/M 41
Permut (1977 Industrie US/Europa G/M 49
Gilligan (19775 Industrie UK G/M 39
Gilligan (1977% Konsum UK G/M 53
Jobber (1980) Industrie UK G 55
Patti/Blasko (1981) Kons./Dienstl. us G 54
Lancester/Stern (1983) Konsum U G 60
Blasko/Patti (1984) Industrie us G 64
Hooley/Lynch (1985) Konsum UK G/M/K 572
Hooley/Lynch (1985) Dienstl. UK G/M/K 558
Piercy (1986) Allgemein UK M 130
Ortega (1986) Kons./Ind./Dienstl. E G 168
Lynch/Hooley (1987) Industrie UK G/M/K 560
Piercy (1987b) Kons./Ind. UK G/M 141
Lynch/Hooley (1989) Industrie UK G/M/K 536
Martenson (1989) Allgemein S G/M/K 126
Synodinos/Keown/Jacobs (1989) Konsum UK G 37
Synodinos/Keown/Jacobs (1989) Konsum DK G 39
Synodinos/Keown/Jacobs (1989) Konsum F G 40
Synodinos/Keown/Jacobs (1989) Konsum S G 33
Synodinos/Keown/Jacobs (1989) Konsum D G 36
Filatrault/Chebat (1990) Dienstl. CDN / 293
Lynch/Hooley (1990) Konsum UK G/M/K 399
Lynch/Hooley (1990) Dienstl. UK G/MIK 269
Ramaseshan (1990) Konsunt? / / 126
Ramaseshan (1990) Konsunf / / 126
Ramaseshan (1990) Dienstl. / / 128
Parry/Parry/Farris (1991) Krankenhauser usS / 130
Hung/West (1991%) Konsum CDN G/M 36
Hung/West (1997) Konsum UK G/M 28
Hung/West (1991) Konsum us G/M 36
Mitchell (1993) Allgemein UK G/M 52
Miles/White/Munilla (1997) Industrie us G/M 43
Reinecke/Reibstein (2002) Allgemein usS G/M 234
Reinecke/Reibstein (2002) Allgemein D/CH G/M 418
Francois (2003) Industrie B G/M/K 102
Prendergast/West/Shi (2006) Allgemein CHN G/M/K 206
West/Crouch (2007) Kons./Ind. AUS/NZ G 71

Anmerkungen:

! Kons.: Konsumgiiter/Ind.: Industriegiiter/Diendllienstleistungen

2G: GroR/M: Mittel/K: Klein
% Langlebige Konsumgiiter
* Kurzlebige Konsumgiiter

® Die Studie von Ramaseshan (1990) umfasst (ibePediéuktkategorien insgesamt 126 Beobachtungen.



Tabelle 6a: Ubersicht der Ergebnisse empirischer 8tlien zur Untersuchung der Marketingintensitat—Produktdeterminanten

Wirkung auf die Marketingintensitat

Linear Nicht-linear
Determinante Konzeptualisierung Positiv Negativ U-férmig Invertiert U-formig Keine Wirkung
Qualitat « Farris/Buzzell 1979 « Lilien/Little
» Tellis/Fornell 1988 1976
* lizuka 2004
» Huskamp et al. 2008
+ Shankar 2009
Einzigartig-  Auf Bestellung « Farris/Buzzell 1979
keit produziert * Lilien 1979
« Zif/lYoung/Fenwick
1984
e Zellner 1989
* Francois 2003
,Hidden Values” » Farris/Buzzell 1979 « Lilien 1979
» Zif/Young/Fenwick * Meisel 1979
1984 + Lilien/Weinstein
1984
» Francois 2003
Kauffrequenz « Albion 1976 + Keownetal. 1989 « Lilien/Little
» Farris/Buzzell 1979 1976

« Zif/lYoung/Fenwick
1984

+ Keown et al. 1989

* Francois 2003
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Tabelle 6b: Ubersicht der Ergebnisse empirischer 8tlien zur Untersuchung der Marketingintensitat—Presdeterminanten

Wirkung auf die Marketingintensitat

Linear Nicht-linear
Determinante Konzeptualisierung Positiv Negativ U-formig Invertiert U-formig Keine Wirkunc
Preis Absoluter Preis e Rizzo 1999 » Farris/Buzzell 1979 e Keownetal. 1989 « Albion 1976
» Zif/Young/Fenwick * Hurwitz/Caves
1984 1988
* GOonul et al. 2001
« Narayanan/Desiraju/
Chintagunta 2004
Relativer Preis * Farris/Buzzell 1979
Profitabilitat  Profitmarge * Rundfelt 1973
(Unternehmens- » Comanor/Wilson 1974
spezifisch) * Albion 1976
 Zif/Young/Fenwick
1984
Profitmarge « Strickland/Weiss 1976 « Lee 2002 « Zellner 1989
(Branchen- » Martin 1979 e Misra 2010
spezifisch) » Buxton/Davies/Lyons

1984
Willis/Rogers 1998
Lee 2002

Hohe Free Cash
Flow

Amadi 2005
Supanvanij 2005

AnmerkungenK: Fir Konsumguterhersteller, I: Fur Industrieghigrsteller
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Tabelle 6¢: Ubersicht der Ergebnisse empirischer 8tlien zur Untersuchung der Marketingintensitat—Marktdeterminanten

Wirkung auf die Marketingintensitat

Linear Nicht-linear
Determinante Konzeptualisierung Positiv Negativ U-formig Invertiert U-formig  Keine Wirkung
Marktgrole  Gesamtumsatz * Rundfelt 1973 « Willis/Rogers
» Albion 1976 1998
e Brush 1976
» Misra 2010
Regionaler Markt + Rundfelt 1973
Markt- Lilien/Little 1976 » Balasubramanian/ * Greer 1971
wachstum Strickland/Weiss 1976 ~ Kumar 1990° + Cable 1972
Zellner 1989 » Supanvanij 2005  Comanor
Balasubramanian/ /Wilson 1974
Kumar 1990° * Brush 1976
Ramaswamy/Gatignon/  Farris/Buzzell
Reibstein 1994 1979
* Martin 1979
* Buxton/Davies
/Lyons 1984
* Ailawadi/Farrisi
Parry 1994
e Stewart 1996
» Willis/Rogers
1998
Anzahl Farris/Buzzell 1979 » Francois 2003
Kunden Lilien 1979
Martin 1979
Meisel 1979
Lilien 1983
Lilien/Weinstein 1984
Zif/Young/Fenwick
1984

AnmerkungerK: Fiur Konsumguterhersteller, I: Fir Industriegtiensteller, D: Fur Dienstleister
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Tabelle 6d: Ubersicht der Ergebnisse empirischer 8tlien zur Untersuchung der Marketingintensitat—-Wetthewerbsdeterminanten |

Wirkung auf die Marketingintensitat

Linear Nicht-linear
Determinante Konzeptualisierung Positiv Negativ U-férmig Invertiert U-formig  Keine Wirkung
Markt- Marktanteil + Lilien 1979 e Rundfelt 1973 e Stewart 1996
dominanz « Lilien 1983 e Lilien/Little 1976
» Balasubramanian/ » Farris/Buzzell 1979
Kumar 1990 « ZiflYoung/Fenwick
» Corfman/Lehmann1994 1984
e Metwally 1997 e Keown et al. 1989
e Bhattacharyya 2005 + Balasubramanian/
+ Supanvanji 2005 Kumar 1990
» Ailawadi/Farris/Parry
1994
» Francois 2003
Marktkonzen- e Mann/Henning/Meehames Primeaux 1981 » Connor/Weimer Greer 1971 » Comanor
tration 1967 * Ramaswamy/Gatigno 1976" Cable 1972 /Wilson 1974
e Martin 1979 Reibstein 1994 » Willis/Rogers 1998 Rundfelt 1973 * Reekie 1975
» Zellner 1989 » Shankar 2009 Sutton 1974 » Albion 1976
+ Lee 2002 Connor/Weimer1978' « Brush 1976
» Misra 2010 Strickland/Weiss 1976 ¢ Ornstein 1976
Buxton/Davies/Lyons <« Farris/Buzzell
1984 1979
Esposito/Esposito » Esposito
/Hogan 1996 /Esposito/Hogar
Lee 200 1990

AnmerkungerK: Fiur Konsumguterhersteller, I: Fir Industriegtiensteller, D: Fur Dienstleister
W: Fur Werbeausgaben, NW: Fiur Nicht-Béausgaben
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Tabelle 6e: Ubersicht der Ergebnisse empirischer 8tlien zur Untersuchung der Marketingintensitat—Wettbewerbsdeterminanten ||

Wirkung auf die Marketingintensitat

Linear Nicht-linear
Determinante Konzeptualisierung Positiv Negativ U-formig Invertiert U-formig  Keine Wirkung
Anzahl Anzahl » Cable 1972 * Meisel 1979 » Keown et al.
Wettbewerber Wettbewerber auf « Albion 1976 * lizuka 2004 1989
gleichem Markt e Lilien 1979 « Bhattacharyya 2005

o Leffler 1981

e Connor/Weimer 1986

e Zellner 1989

» Azoulay 2002

Shankar 2009

Anzahl Multi- + Shankar 1999

marktkontakte « Shankar 2009
Marketing- + Corfman/Lehmann  « Chintagunta/Desiraju
ausgaben 1994 2005
Wettbewerber » Leeflang/Wittink 1996

Marks/Albers 2001
Azoulay 2002
Chintagunta/Kadiyali/
Vilcassim 2006

Jlagnurep simiassim sepn (Bunisnabpngbunayie Jap usjueuiwialad
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Tabelle 6f: Ubersicht der Ergebnisse empirischer $idien zur Untersuchung der Marketingintensitat—Zeit & Organisationsdeterminanten

Wirkung auf die Marketingintensitat

Linear

Nicht-linear

Determinante

Konzeptualisierung Positiv

Negativ

U-férmig

Invertiert U-formig Keine Wirkung

Produktlebens- Zeit im Markt
zyklus

Lilien/Little 1976
Farris/Buzzell 1979
Lilien 1979

Meisel 1979

Lilien 1983
Lilien/Weinstein 1984
lizuka 2004

ZiflYoung
/Fenwick1984
Caves/Whinston
/Hurwitz 1991
Stewart 1996
Azoulay 2002
Francois 2003
Shankar 2009

Markteintritts-
reihenfolge

lizuka 2004
Huskamp et al. 2008

Organisations- Entscheidungs-
form richtung (, Top-
Down*)

Piercy 1987a
Piercy 1987b

Macht der .
Marketingabteilung

Piercy 1987a

Francois 2003

Budgetierungs- Komplexitat der .
methode Methode :

Piercy 1987a
Gilligan 1977

San Augustine
/Foley 1975
Francois 2003

Hohe des
Besitzanteils

Partizipation
am Geschafts-
erfolg

Supanvanij 2005

« Joseph/Richardson
2002
« Supanvanij 2005

Langfristigkeit der
Manager-
belohnung

Corfman/Lehmann
1994
Supanvanji 2005

AnmerkungenK: Fur Konsumguterhersteller, I:

Fur Industriegtiensteller, D: Fur Dienstleister
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Tabelle 7a: Eigenschaften der Studien zur Untersuaing der Marketingintensitét |

Aggregations- Untersuchte

Studie Branche Land niveau Variable
Ailawadi/Farris/Parry (1994) Ubergreifend us Uninmen W&P/U
Albion (1976) Ubergreifend us Industrie W/U
Amadi (2005) Haushaltsprod. us Unternehmen W
Azoulay (2002) Pharma us Unternehmen W
Balasubramanian/Kumar (1990) Ubergreifend us Urtienmen Wé&P/U
Bhattacharyya (2005) Pharma us Unternehmen w
Brush (1976) Ubergreifend us Industrie W/U
Buxton/Davies/Lyons (1984) Ubergreifend UK Induestri W/U
Cable (1972) Ubergreifend UK Industrie W/U
Caves/Whinston/Hurwitz (1991) Pharma us Unternehmen M
Chintagunta/Desiraju (2005) Pharma US/UK/F/IIG ésnehmen A
Chintaguntakadiyali/Vilcassim  Ubergreifend us Unternehmen w
(2006)
Comanor/Wilson (1974) Ubergreifend us Industrie W/U
Connor/Weimer (1986) Lebensmittel us Unternehmen UM/
Corfman/Lehmann (1992) Experiment us - -
Esposito/Esposito/Hogan (1990) Ubergreifend U itz W/U
Farris/Buzzell (1979) Ubergreifend usS Unternehmen &RAU
Francois (2003) Industrieguter B Unternehmen M/U
Gilligan (1977) Ubergreifend UK Unternehmen M
Gonul et al. (2001) Pharma us Unternehmen A
Greer (1971) Ubergreifend us Industrie W/U
Hurwitz/Caves (1988) Pharma us Unternehmen A/U
Huskamp et al. (2008) Pharma us Unternehmen M
lizuka (2004) Pharma us Unternehmen w
Joseph/Richardson (2002) Ubergreifend us Unternehme W
Keown et al. (1989) Ubergreifend Global Unternehmen W/U
Lee (2002) Bier us Unternehmen W/U
Leeflang/Wittink (1996) FMCG NL Unternehmen M
Lilien (1979) Industrieglter us Unternehmen W, M
Lilien (1983) Industrieglter us Unternehmen A
Lilien/Little (1976) Ubergreifend us Unternehmen  WyM/U
Lilien/Weinstein (1984) Ubergreifend US/Europa Unehmen M
Mann/Henning/Meeham (1967) Ubergreifend us Indastri W/U
Marks/Albers (2001) Experiment G - -
Martin (1979) Ubergreifend us Industrie W/U
Meisel (1979) Bedarfsartikel us Industrie W/U
Metwally (1997) Konsumaguter/ AUS Unternehmen W

Dienstl.
Misra (2010) Konsumguter/ IND Industrie w/uU
Dienstl.

Narayanan/Desiraju/Chintagunta  Pharma usS Unternehmen W, A
(2004)
Piercy (1987a) Ubergreifend UK Unternehmen W/U
Piercy (1987b) Ubergreifend UK Unternehmen W/U
Primeaux (1981) Energie UsS Unternehmen WE&P/U
Anmerkungen:

! A: AuRendienst/P: Promotion/U: Umsatz/W: Werbebudge
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Tabelle 7b: Eigenschaften der Studien zur Untersualng der Marketingintensitat Il

Aggregations- Untersuchte
Studie Branche Land niveau Variablée
Ramaswamy/Gatignon/Reibstein Ubergreifend us Unternehmen A
(1994)
Reekie (1975) Konsumgut UK Industrie W/U
Rizzo (1999) Pharma usS Unternehmen A
Rundfelt (1973) Ubergreifend S Industrie W/U
San Augustine/Foley (1975) Ubergreifend usS Untenmern M
Shankar (1999) Pharma us Unternehmen M
Shankar (2009) Pharma us Unternehmen W, A
Stewart (1996) Automobilind. CDN Unternehmen W&P/U
Strickland/Weiss (1976) Ubergreifend us Industrie TUW
Supanvaniji (2005) Ubergreifend us Unternehmen W
Sutton (1974) Ubergreifend UK Industrie W/U
Tellis/Fornell (1988) Konsumgut U Unternehmen W
Willis/Rogers (1998) Lebensmittel us Industrie W/U
Zellner (1989) Lebensmittel us Industrie W/U
Zif/Young/Fenwick (1984) Ubergreifend US/CDN/Europa Industrie M/U, W/U,
AU

Anmerkungen:
L A: AuRendienst/P: Promotion/U

: Umsatz/W: Werbebudge



Tabelle 8a: Ubersicht der Ergebnisse empirischer 8tlien zur Untersuchung der Anwendung von Budgetierngsmethoden |

Wirkung auf die Wahrscheinlichkeit differenziertéadgetierungsmethoden anzuwenden

Determinante  Konzeptualisierung Positiv Negativ Kein Zusammenhang Sonstiges
Produkt- Konsumguter + San Augustine/Foley 1975 « Gilligan 1977
kategorie * Gilligan 1977 * Lynch/Hooley 1987
* Permut 1977 » Lynch/Hooley 1989
 Blasko/Patti 1984 * Miles/White/Munilla 1997
» Hooley/Lynch 1985 » Francois 2003
» Lynch/Hooley 1990
Langlebigkeit des  « Ramaseshan 1990 « Synodinos/Keown/Jacobs ¢ West/Hung 1993 (Wettbe-
Produkts 1989 werbsorientierter Ansatz -)

Profitabilitat

Hooley/Lynch 1985
Lynch/Hooley 1989
Lynch/Hooley 1990
Parry/Parry/Farris 1991
West/Crouch 2007

Hung/West 1991 » Prendergast/West/Shi 2006

(Competitive Parity +)

» Prendergast/West/Shi.
2006
Markt- + Patti/Blasko 1981 « Jobber 1980
dominanz * Hooley/Lynch 1985 « Lynch/Hooley 1989
» Lynch/Hooley 1987 * Miles/White/Munilla 1997
» Lynch/Hooley 1990
* Hung/West 1991
 Parry/Parry/Farris 1991
» Piercy 1987a
Marktkonzen- « Parry/Parry/Farris 1991
tration » Wagner/Fischer 2011
Marktwachs- » Hung/West 1991 » West/Crouch 2007
tum * Mitchell 1993
Produktlebens- * Wagner/Fischer 2011 - Wagner/Fischer 2011
zyklus (Wettbewerbsorientierter

Ansatz +)
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Tabelle 8b: Ubersicht der Ergebnisse empirischer 8tlien zur Untersuchung der Anwendung von Budgetieragsmethoden |

Wirkung auf die Wahrscheinlichkeit differenziert@adgetierungsmethoden anzuwenden

Determinante  Konzeptualisierung Positiv Negativ Kein Zusammenhang Sonstiges
Markteintritts- « Wagner/ Fischer 2011

reihenfolge

Organisations- ,Bottom-Up*/ + Piercy 1986  Parry/Parry/Farris 1991

form Einfluss der * Piercy 1987a

Marketingabteilung * Piercy 1987b .
 Parry/Parry/Farris1991

e West/Hung 1993
» Francois 2003
» Prendergast/West/Shi 2006

Budgetierungs- + Hung/West 1991, Lynch/

methode Hooley 1990
(Ziele & Aufgaben/

Finanzkraftorientiert +)
» Parry/Parry/Farris 1991

(Wettbewerbsorientiert/

Optimierungsmethoden +)
Partizipation  Grad des « Joseph/Richardson 2002
am Geschafts- Besitzanteils (U-férmig)

erfolg Langfristigkeit der  + Miles/White/Munilla 1997

Managerbelohnung * Low/Mohr 1999
* Prendergast/West/Shi 2006
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Tabelle 9: Eigenschaften
Budgetierungsmethoden

der Studien zur Untersucmg der Anwendung von

Studie Branche Land Untersuchte Variable
Blasko/Patti (1984) Industrieglter usS KorrelatiamnwWethoden
Wagner/Fischer (2011) Pharma Europa Marketingbudget
Francois (2003) Industrieguter B Korrelation vonthelen
Gilligan (1977) Ubergreifend UK Korrelation von Metden
Hooley/Lynch (1985) Ubergreifend UK Korrelation vbfethoden
Hung/West (1991) Ubergreifend US/UK/CDN  Kaorrelation Methoden
Jobber (1980) Industrieguter UK Korrelation von Naden
Joseph/Richardson (2002) Ubergreifend us Marketidgbt
Low/Mohr (1999) Konsumguter U Korrelation von Meden
Lynch/Hooley (1987) Industrieguter UK KorrelationrvMethoden
Lynch/Hooley (1989) Industrieguter UK KorrelationrvMethoden
Lynch/Hooley (1990) Ubergreifend UK Korrelation vitethoden
Miles/White/Munilla (1997) Landwirtschaft usS Koreglon von Methoden
Mitchell (1993) Ubergreifend UK Manageraussagen

(Umfrage)
Parry/Parry/Farris (1991) Krankenhauser U Kornataton Methoden
Patti/Blasko (1981) Ubergreifend us Korrelation Wiathoden
Permut (1977) Ubergreifend Europa Korrelation voetihdden
Piercy (1986) Ubergreifend UK Marketingbudget
Piercy (1987a) Ubergreifend UK Marketingintensitat
Piercy (1987b) Ubergreifend UK Marketingintensitat
Prendergast/West/Shi (2006) Ubergreifend CHN Komifie
Ramaseshan (1990) Einzelhandel AUS KorrelationMethoden
San Augustine/Foley (1975)  Ubergreifend us Korrelation von Methoden
Synodinos/Keown/Jacobs Ubergreifend Global Korrelation von Methoden
(1989)
West/Crouch (2007) Ubergreifend AUS Komplexitéat
West/Hung (1993) Ubergreifend US/UK/CDN  Korrelatioon Methoden
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Abstract

The marketing budget allocation process receiveatgattention within a company. Surveys
among managers identify that some budgeting ridesh as “Percentage of Sales” or
“Objective and Task”, are predominantly used in pamies for the determination of a
product’s marketing budget. But due to some serioathodological flaws the insights into
the budgeting process based on these survey rem@tdimited. This study extends the
knowledge about budgeting behavior by conductimgscriptive study in which we analyze
the application of rules in the budgeting proceksampanies. Specifically, we develop a
marketing budget model that relates three domihadgeting rules to the observed marketing
budget outcome. This allows the identification atle rule’s impact on the budget decision
for each brand and company contained in our datasktitionally, we analyze moderating
effects which influence the application of singlkedgeting rules. Our results show that the
budgeting rules are indeed applied by practitignieus the application differs across market
and life-cycle conditions. Our results indicate tthsales-oriented methods, such as
“Percentage of Sales”, are more widely used. Contsmphisticated profit-oriented methods,
such as “Objective and Task”, are less widesprbead expected based on manager surveys.
Finally, competition-oriented methods, such as “@etitive Parity”, have only a marginal

impact in the budgeting process on average.

1 Introduction

The marketing budget allocation is one of the neoisical but least understood aspects of the
management process (Miles, White and Munilla 19B&searchers and practitioners attach a
high importance to this subject, as competitivespuee and marketing expenditures have
increased substantially over the last years. TheOQBbuncil Report (2007) underlines this
relevance by emphasizing the quantification, mesment, and improvement of the value of
marketing investments and resource allocation asntimber-one challenge for most chief

marketing officers. Due to this need to deeply usidad the marketing resource allocation
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process and its drivers for practitioners and atceckealike, the attention of marketing budget
allocation in marketing literature has been extensiMarketing research provided
practitioners with various allocation optimizatiomodels based on the analysis of marginal
returns to improve the budgeting process in conggafsee Mantrala 2002). But interviews
with managers show that practitioners do not actkeese analytic approaches. Reasons
include that they are too complex in implementat{Bischer et al. 2011), the database is
insufficient for good parameterization (Little 197énd the budget setting process is highly
exposed to political influences (Piercy 198@)stead, manager surveys (e.g., Bigné 1995)
indicate that marketing budgets are determinedhbyapplication of simple budgeting rules
which base the budget decision on single key paidoce numbers, such as the “Percentage
of Sales” or “Competitive Parity” method. Thesevays offer a good first insight into the
budgeting process of companies, but they lack wglaks they ignore the high complexity of
the budget setting process caused by organizatmoiady (Armstrong and Overton 1973).
Hence, survey results are likely to be very subjecand fragmented. They do not provide
detailed information about how much and to whaeektmanagers follow budgeting rules and
under which conditions they change these rules.

Besides manager interviews, another research steeaenged which tries to explain budget
setting behavior by the empirical analysis of impact of relevant factors on the observable
size and allocation of the marketing budget in otdaedentify determinants of budget setting
(e.g., Lilien and Little 1976; Balasubramanian &adnar 1990). However, prior studies did
not include practitioner budgeting rules, which evadentified by manager surveys as
predominant drivers of the budgeting process. Hetheeinformational value of these studies
remains limited as important structural variablesyrbe missing from model specification. In
summary, our knowledge about whether and how masagpply common budgeting
methods is very limited based on prior research.

A comprehensive understanding of budgeting behasionportant for several reasons. First,
it contributes to allocation practice. Studies hawdicated that management decision makers
come to good decisions on average, although theyotl@lways take the optimal decision.
Thus, a descriptive analysis may provide reasorglilielines for budgeting practices (Lilien
and Little 1976). In addition, it allows managers understand competitor's budgeting
behavior and the prediction of the size of compgsit marketing budgets (Stewart 1996).
Second, it contributes to theory as a full knowkedg factors that influence budgeting

2 This is confirmed by marketing response studieilvihow that budgets are determined suboptimatdst
companies (Naik, Raman and Winer 2005; ManchandssiRind Chintagunta 2004).
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behavior may help to identify marketing variablesempirical models. This may increase
model validity and avoid biases in parameter egesarhird, we have been experiencing the
rise of the structural modeling approach for seveemars, which seems to become the
dominant modeling approach in marketing researttes& models rely on sometimes very
restrictive assumptions about firm behavior. Dggoré studies help to inform to what extent
these assumptions are justified or not (Albers 2011
This motivates our project in which we address géhisting research gap by an explorative
study of the application of rules in companies’ gpetthg process. In particular, we want to
give some insights into the budgeting behavior tgwaering the following questions:

- Which budgeting rules are frequently used?

- How much do these rules explain in observed vaeam@roduct budgets?

- Are there differences in the application of rulesoas products?

- Under which conditions is a rule more preferred?
Building on previous research, we develop a commdpframework, which relates the
observed marketing budget of a brand to the megufntly used practitioner rules identified
by the survey literature. Therefore, we formalizese rules and integrate them into our model
in order to explain the determination of observeatkating budgets. This approach enables
us to describe the real marketing budget settifgaier and to identify the degree to which
the marketing budgeting rules are used by compammegsarticular, for each product, we are
able to identify which rules are applied and whigipact the respective rules have on the
final budget decision. Furthermore, we integrateetiof factors as moderators in order to
identify the conditions which favor the use of &raver other factors.
In this paper, we examine the impact of practittondes on the marketing budget with
aggregate data at the brand level in the pharmaekunarket. As this market is very
marketing-intense (Berndt 2001) and subject of mampirical studies, it is an appropriate
dataset for our purpose. Our study is based om&dription drugs in four different product
segments covering 12 years from the five most ingmbrEuropean markets: Germany, the
United Kingdom, France, Italy, and Spain.
The remainder of this paper is organized as follolnsthe next section, we review the
relevant empirical research on application of btidgemethods. In section 3 we discuss
possible moderator effects on the preference feragpplication of particular methods. We
then present our model, estimation-related issaures the data. The results of our analysis are
displayed in the penultimate section, and the papecludes with a discussion of the findings,

implications, and the limitations of the study.
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2 Budgeting practices

Surveys among managers indicate that the budgptoaess is dominated by the application
of simple budget decision rules. Many of thesegweerlap with one another; however we
may classify the methods into a few major groupart®hson 1989). Specifically, we identify
the following three major classes:

1. Sales-oriented methods,

2. Competition-oriented methods, and

3. Profit-oriented methods.
The sales-oriented methodse widely accepted in companies (e.g., PattiBlasko 1981).
According to these budgeting rules, the marketinddet is determined proportional to the
(anticipated) sales volume of a product. The mashroon approach of sales-oriented
methods is the “Percentage of Sales” rule whiclppses to set the budget as a percentage of
past or anticipated sales. Another popular appraate “Affordable” rule, which limits the
marketing budget to the disposable resources ohgany. The most important limitation is
the sales level of the product.
Several advantages of these methods may explamateeptance by management. First of
all, they provide budgeting solutions which areyeasy to understand. Second, they help
recovering marketing cost, because the marketiegdipg is linked to the amount of sales
and associated profits. Hence, budget decisionseasy to communicate to financial
executives by ensuring that a firm with limitedaesces is not spending too heavily. Third,
they may lead to a certain stability of advertisimghin the industry, if it is also used by
competitors (Aaker and Myers 1982, 65). Nevertlglaales-oriented methods have some
serious flaws. In particular, the marketing budgetdetermined by sales and therefore
marketing receives less budget when the compal®gsssuccessful, i.e. sales deteriorate, but
more effort would be needed to stimulate demandhEt the methods reveal some problems
in dynamic situations, e.g., the introduction ofwn@roducts, repositioning moves, or
competitor's actions (Fischer et al. 2011). Forregke, they lead to exorbitant marketing
budgets for large established brands or over-theshands but only low budgets in the
introductory stage of a product when it is necegssar generate awareness. Finally,
competitive activities as well as exogenous effactsignored by sales-oriented methods.
The competition-oriented methotiscus on the preservation of the own market pmsiby
avoiding the loss of market share. Correspondinglrketing budgets are adjusted according
to past or expected competitive activities. The thaosnmon rule is the “Competitive Parity”
rule, which proposes a budget allocation propodida competitive marketing investments.
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Another approach is the “Share of Voice” rule, whis similar as it focuses on keeping a
fixed share of voice in the relevant market. In ggah these methods are based on the
assumption of a zero-sum competition, i.e. the ghione company is the loss of the others in
case of a stable market size (Yoo and MandhacBi®d@3). Hence, the objective of own
marketing effort is to neutralize or to diminisletbubstitutive effect of competitive marketing
activities.

One advantage of this rule is that it allows a camypto react promptly on competitors’
activities, so that retaliatory actions can be ggobWwhich may lead to the prevention of
marketing wars (Lilien, Kotler and Moorthy 1992, 97 Nevertheless, it is not
recommendable to orientate too strongly on competinarketing budgeting because firm
characteristics probably vary strongly across adustry. Bigné (1995) supposes that
competition-oriented methods are rather applied pgementary which may lead to the
assumption that their impact on the final budgetigien is lower than others, such as sales-
oriented methods.

The profit-oriented methodsre rather complex rules which allocate the budgebrding to
managerial assumptions about marketing efficiencyobusing on the maximization of firm
profit. The “Objective and Task” approach, whichquaes that either sales or
communications objectives are established by mamegg is the most popular approach.
According to this rule, the marketing budget isedetined and allocated to effectively
achieve the objectives defined by management (Ldied Little 1976; Aaker and Myers 1982,
67). Previous studies identify a broad range of keynbers which are considered as
marketing objectives by managers, e.g., sales, ehatkare, awareness etc. (e.g., Reinecke
and Reibstein 2002). But as all of these numbensbeaconsidered to be sub-goals derived
from the objective profit maximization, we may chre that the application of “Objective
and Task” results in an effective use of marketmgrder to maximize the firm profit. Even
more sophisticated but similar in approach is “Btie Modeling” which gives optimal
budget solutions based on mathematical derivation.

As profit-oriented methods are close to marginallygsis they have been advocated as the
most theoretically sound and logical (Mitchell 199Bhey provide great flexibility, but can
be difficult to apply (Martenson 1989). In partiaul a precise consideration of the effects of
marketing on sales and therefore comprehensivatiebilin measuring the marketing
performance are needed (Riordan and Morgan 1979).

Other methodsfinally contain unsophisticated methods which ryogteflect political

influences within an organization. Very popularsimaller companies is the “Arbitrary” rule
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which bases the marketing budget decision only anaygerial experience. For this reason,
budget decisions are highly exposed to the inflaepicthe top management (Piercy 1986).
Another approach is the “Previous Budget” rule whieflects political influences within the
company as it sets the marketing budget accordirtiget budget of previous planning periods
and so exhibits the power of the corresponding de@at manager. This rule may be not
formally recognized in many companies which explainy it is not mentioned in most
survey studies. But as the budget of the previeu®@ is mostly taken as starting point in the
budget planning process it can be expected thairtheous budget has a strong impact on the
final budget decision (Low and Mohr 1999; FarrieaBies and Reibstein 1998).

A comparison of survey results, which are summdrineTable 1, indicates that the group of
sales-oriented methods, such as “Percentage of"Sald “Affordable”, is most often applied
in the marketing budget process. In summary, @pplied by more than 80% of managers.
But budget determination evolves towards more ack@riechniques. “Objective and Task”
becomes one of the dominant budgeting rules in swskey studies published since the 80’s.
On average, approximately 50% of managers dediatehey apply “Objective and Task”. In
academic literature, this trend is interpreted asirereased degree of sophistication in
budgeting (e.g., Ramaseshan 1990). But this isaessial as a detailed look on marketing
budgeting behavior indicates that “Objective andskKrais not correctly applied by
practitioners (Martenson 1989). Most companies steehave fairly stable marketing budgets
over time which supports the idea of a more congmeive use of the percentage rules as
these lead to a smoothed evolution of the markdtimdget. In addition, recent surveys do not
support the hypotheses of a more frequently usthef'‘Objective and Task” method (e.g.,
Francois 2003; West and Crouch 2007). Finally, cetitipn-oriented methods are less
widely-used as it is mentioned by only 20 % of ngm@ra and it appears that it is only applied
complementary.

Insights into the application of budgeting rulesdxh on survey studies should be considered
with high caution for several reasons. First, survesults are highly exposed to key
informant biases as they are based on informatisengby single managers that are to
represent the whole company. Second, they may ea@bke to differentiate between “what
people say and what they do” as budgets and albocadre considered sensitive by
management and thus could be biased (ArmstrongCaretton 1973). Third, all survey
studies differ in the methodology of the data altn, survey design, and sample selection

which makes the results hardly comparable. Moreifpally, all survey studies consider a
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Table 1. Survey results about application of budgétg rules

% of respondents applying the
following budgeting rule
Category Sales Competition Profit
-oriented -oriented -oriented
Budgeting rule D > 5 o
© E © =
o g 8 |z 3
9 D ) ‘S S g
© < [ = >
2 3 § L ¢ |§ £
G 8 5 S 3 Q, )
o o = Q < Q O
Study > s < o n O n
San Augustine/Foley (1975) 39 15 28 / / 8 3
Permut (1977) 37 18 54 / / 12 6
Gilligan (1977) 46 29 6 3 / 7 2
Jobber (1980) 25 13 / 15 / 62 b
Patti/Blasko (1981) 53 20 20 24 / 63 51
Lancester/Stern (1983) 53 20 13 33 ) 80 20
Blasko/Patti (1984) 16 23 33 21 / 74 3
Hooley/Lynch (1985) 43 / 47 10 14 40 /
Ortega (1986) 13 / / / / 43 /
Piercy (1986) 25 11 34 / / 41
Lynch/Hooley (1987) 33 / 54 4 6 40
Piercy (1987b) 23 6 31 / 2 39 1
Lynch/Hooley (1989) 21 / 49 6 / 51
Martenson (1989) 32 / 14 / / 42
Synodinos/Keown/Jacobs (1989) 35 / 17 18 / 60 /
Filiatrault/Chebat (1990) 69 / 49 17 / 58
Lynch/Hooley (1990) 29 / 51 10 / 49 /
Ramaseshan (1990) 23 14 20 / / 17 /
Parry/Parry/Farris (1991) 3 / 68 12 / 63 11
Hung/West (1991) 32 10 41 38 / 61 /
Mitchell (1993) 27 8 / / / 40 /
Miles/White/Munilla (1997) 24 26 48 12 / 67
Reinecke/Reibstein (2002) 41 27 / 8 / / /
Francois (2003) 14 / 27 5 / 27
Prendergast/West/Shi (2006) 44 28 62 26 / 39 3
West/Crouch (2007) 21 4 18 7 / 24 0]
Average response (rufe) 316 17 356 149 6.8 443 8|8
Average response (categdty) 84.2 21.7 53.1

Notes Multiple responses possible.

% Average manager response of a rule across su(uaygighted)

®) Average manager response of a category acrossysufSum of average response across category-
specific rules)
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different scope of budgeting rules and lack a ctedimition for the rules included. This may
explain the considerable differences in the sumesylts and decreases the insights obtained
by these surveys in general. Finally, the budggingeprocess is not as simple as implied by
survey studies (Mitchell 1993). Marketing budgete the result of an annually recurring
budget meeting process in which several managetisipate. These managers have different
agendas and belong to different hierarchical lestEthe company (Piercy 1987a). Thus, most
firms are likely to use more than one method t@wheine the marketing budget which leads
us to suppose a more complex pattern of decisidingaone that includes basic and
complementary methods (Bigné 1995). This complgé#te identification of the impact each
rule has on the final budget decision (Bigné 1995).

Our analysis approach addresses these limitatibsareey research and takes into account
the complex pattern of decision-making by simultargty analyzing more than one rule. This
avoids biased estimation results due to single ceourias or subjective management
sensitivity for budgeting issues. Further, we take consideration that budgeting rules may
be applied differently across companies and may laadifferent impact on the final budget
decision. By giving clear definitions of each butigg method we are able to identify the

influence of each rule on the marketing outcomeafbproducts in our dataset.

3 Determinants Affecting the Use of Budgeting Rules

Survey results indicate that multiple rules areli@pgpsimultaneously in the budgeting process.
But their application seems to vary across comsaara over time (Mitchell 1993). Hence,
we want to understand under which conditions theettmajor classes of budgeting methods
are more preferred.

Empirical studies about budgeting methods choideabier are scarce and thus the insights
about factors which influence the application ofigeting rules are limited. In this study, we
want to shed some light on this issue by studyiregimpact of four potential key drivers: (1)
market concentration as a measure of competititengity, (2) the time in the market as a
measure for life cycle, (3) the order of entry gbraduct, and the (4) patent status which is
very important in pharmaceutical markets as a patgpiration changes the competitive

situation dramatically (Fischer, Leeflang and Ve&h2010).

3.1 Sales-oriented methods

Market concentrationHighly concentrated markets are dominated by onlfew large

companies. Previous studies (e.g., Lynch and Hodf80) indicate that these companies,
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which generally have to manage a broad portfolkgdsome key indicators, such as sales, to
make the complex allocation decision manageablstedn, the allocation decision of
companies in less concentrated markets, whichragominantly small companies, are highly
influenced by top management decisions and thexefety more on their managerial
judgment. For this reason, we assume that salested methods are rather preferred by

companies in highly concentrated markets.

Stage in life cycleDue to lower expected profits in the future, pragun the later stage of
the life cycle are focused more on cost recoveantbn claiming a market position which
promises high future potential. Thus, we expecighdr preference for the application of

sales-oriented budgeting methods in the later stafjthe product life cycle.

Order of entry.As later entrants have to compensate brand dissalyes, they cannot focus
as much on cost recovery as pioneers can. Thisretce the preference for the application
of sales-oriented methods for later entrants. Soewpect that the preference for the

application of sales-oriented budgeting methodsgker for pioneers.

Patent statusA factor of particular importance in the pharmaa=l industry is the patent
status. Patent protection avoids generic entrjhabfirms are less threatened by competition
and may have a stronger focus on cost recoveryeldre, we expect that the preference for
the application of sales-oriented budgeting methisdkigher when the product is patent
protected.

3.2 Competition-oriented methods

Market concentrationPrevious studies show a higher degree of reldtibalaavior in more
concentrated markets (e.g., Ramaswamy, GatignorRarizbtein 1994). This effect has been
explained by a higher threat of competitive movasthe few large firms competing in a
highly concentrated market which results in a higbempetition orientation in budgeting
(Besanko et al. 2007). Consequently, we expectdabraipetition-oriented budgeting methods

are more preffered in concentrated markets.

Stage in life cyclePharmaceutical products follow a life cycle (e.Bischer, Leeflang,

Verhoef 2010). In the early stages of the life eydt is of particular importance to create
awareness and to obtain distribution channels WsitH, Farris and Parry 1994). Companies
need to get a fixed share of voice in the markedadbieve market penetration which may
result in a stronger competitive orientation. Butater stages of the life cycle the degree of

competition increases due to slower market growthdawnturn which complicates the
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defense of the own market position. This resultsaim increased focus on competition.
Because of these contradicting effects we canregtigirthe impact of life cycle effects on the
preference for competition-oriented methods andsiclem it as an empirical issue.

Order of entry.Studies of pharmaceutical markets identified texgantages of pioneers as
well as a higher return of marketing for early ants due to habit persistence of doctors
keeping them by the same drugs, which are modlylig@neer drugs (Coscelli 2000). This
allows early entrants a stronger focus on their twrsiness. In addition, due to these effects
early entrants generally become dominant playeh witeater market shares and larger
marketing budgets (Berndt et al. 1995) so thattlineat due to marketing activities of later
(and smaller) entrants is rather low. Contrarye l@ntrants face brand disadvantages
compared to pioneers which they need to compemsaieder to improve their position in a
mature market. This demands an increased focusoaompetitors to be able to oppose
competitive campaigns. Thus, we expect an incrgasgplication of competition-oriented

methods for later entrants.

Patent statusThe loss of patent protection in pharmaceuticaketa allows for generic entry
which results in a significant increase of compaiit intensity. This threat of rising
competition may strengthen the focus on competdistevities. Contrary, an increase in price
elasticity due to generic entry decreases the thob@ompetitive marketing because in a
market of highly comparable products the price bee® the most important driver. As a
result of these opposite effects we cannot proaigeediction about the effect of patent status

on the application of competition-oriented methods.

3.3 Profit-oriented methods

Market concentrationProfit-oriented methods need to solve a complefitpneaximization
problem which has to take account of several fagteuch as competition. Due to less
competitiveness in highly concentrated marketsipnofiximization is easier to achieve (e.g.,
Fischer et al. 2011) so that the allocation sofutlerived from profit-oriented methods is less
complex and more reliable. Further, previous ssdmicate that companies in highly
concentrated rather fulfill the prerequisites fophisticated budgeting because they are by
definition, on average, larger. They obtain moréadahich is necessary for estimation of
guantitative models, and they possess the opesatiepartments, which are necessary for the
development of analytic methods (Patti and Blas#®1] Lynch and Hooley 1987; Hung and
West 1991). Finally, as companies in concentratadkets are generally characterized by a

larger variety in the product portfolio the need $ophisticated budgeting approaches like the
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profit-oriented methods increases. For all of thesasons, we expect a more intense

application of profit-oriented methods in highencentrated markets.

Stage in life cyclewhile in the beginning of the product life cycle magers mainly focus on
improving their market position, this focus changeexploiting the product’s profit potential,
i.e. maximizing profits, in later stages of theelifycle (e.g., cash cows). Further, a reliable
estimation of the marketing performance, which merequisite for the application of profit-
oriented methods, is rather possible when prodstessin the market for a longer time period
and a larger database is available. For these measee expect that the preference for
applying profit-oriented budgeting methods is higire the later stages of the product life

cycle.

Order of entry.Later entrants suffer from brand disadvantages wdrgaring a market. To
overcome these weaknesses in competition, theyatreable to focus as much on profit
maximization than pioneers. Contrary, early engdm@nefit from time advantages leading to
a larger marketing responsiveness and a superigkemposition (Coscelli 2000). Hence,
pioneers are much more focused on profit maxinopatbecause they have a larger
knowledge about own marketing performance and éseurces necessary for sophisticated
budgeting, such as “Objective and Task”. Therefare,expect that the preference for the

application of profit-oriented budgeting methodsigher for pioneers.

Patent statusWe see an increase in competition intensity dygatent expiration which may

enhance the need for sophisticated budgeting metrsath as “Objective and Task”. But
simultaneously, lower profit margins after paterpieation reduce the market attractiveness
significantly so that the benefit of the applicatiof profit-oriented budgeting is decreasing.
These opposite effects do not allow for a predictim the effect of patent expiration on the

application of profit-oriented methods.

3.5 Summary

We provide a summary of the expected effects ofimtluded determinants on the choice of
budgeting methods in Table 2. Herein we also refh@rtoperationalization of these variables
which we discuss in the next section in more detail

We do not expect that the preference for the diffebudgeting rules is stringent substitutive,
i.e. there may be arguments which may provide reagar the application of all three of the
budgeting rules included in our study. Further keemind, that there are still some rules, in

section 2 named aher rules which are not considered in our empirical analysi
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4 Empirical model formulation and estimation

We first specify the marketing budgeting model thabrporates the most common budgeting
practices, sales-oriented, competition-oriented, profit-oriented rules. We then specify the

demand model, which provides marketing budgetielgsestimates.
4.1 Marketing budgeting model

4.1.1 Formalization of budgeting methods

Sales-oriented methodket S;; denote sales of produicthat is anticipated in yearand M

denote the marketing budget to be allocated toymtadin t. The idea of the “Percentage of
Sales” rule is to spend a specific percentage peebed product sales on marketing. If this
percentage does not change from period to peried ctange in marketing budget is
proportional to the change in expected sales. Heheanethod can be formalized as follows:

aM; as;
it _ Sales__n' (1)

M, t Sit

wheres; s is a proportionality factor that measures how gely” the marketing budget
follows expected sales. It is 1 if the rule is aggblin its pure sense, i.e. the percentage does
not change over time. However, due to diminishiatums to scale the marginal profit of
marketing investments decreases with higher budgdigh suggests that managers rather
adopt a disproportionate rule (Lilien and Little789. For this reason, we expéck §54¢s <

1, where5S#s js the average proportionality factor. Solving iéferential equation (1),

leads to the following relation between budget explected sales:
ln(Ml-t) = 6?‘1135 b ln(fit) + ICl', (2)

wherelC represents the integration constant.

Competition-oriented methodSompetition-oriented methods are based on the iptenthat
producti’s marketing budget is set proportional to the expe budget for its competitors:

dM; Com dMC;
it _ 61' p . Lt' (3)
Mt MCjt



Table 2.Variable definition and expected directiorof effects

Expected Effect on the preference for...

Variable Definition Sales-oriented  Competition- Profit-oriented
Methods oriented Methods Methods
Market Concentration  Average Herfindahl index @ groduct category during our + + +
data interval
Stage in Life Cycle Mean of the elapsed time siacach of the product during + +/- +
our data interval
Order of Entry Count variable that counts the erdink of a new chemical - + -
entity into the product market
Patent Status Dummy variable: 1 = product was updtant protection in + +/- +/-

more than 50% of observed time periods; 0 otherwise
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wherelMC;, represents the expected expenditures'gompetitorsg;°™ is the associated

proportionality factor, and all other terms areided as earlier. If management has adopted a

fully counteractive reaction behavior, it followbatcSl.C"mp = 1. However, research (e.g.,
Leeflang and Wittink 1994) has shown that managesy overreact, i.e5°"™ > 1,
underreact, .0 <§°™ <1, do not react at all, i.e§;°™ =0, or show an

accommodating behavior, i.éf"mp < 0. The most frequent reaction seems to be no regctio
but since counteractive behavior appears to be mmlespread (Leeflang and Wittink 1994),
we expect thab < §°°™ < 1.

From the differential equation of (3), it follows:
ln(Ml-t) = 5fomp ' ln(mit) + ICL (4)

Profit-oriented methodsProfit-oriented methods encompass scientific modetpproaches
and the “Objective and Task” rule. Managers maysakts or communication objectives that
determine the marketing agenda of the company lagetby the allocation of the marketing
budget (Lilien and Little 1976). Consistent withoeaomic theory, we assume that these
objectives contribute to the ultimate goal of prafiaximization.

Usually, the firm’s overall marketing budget is iied. The allocation literature provides
guidance on how to allocate a fixed marketing budgeoss products in an optimal way
(Doyle and Saunders 1990; Fischer et al. 2011).icBig these approaches suggest
allocating the budget according to a proportiogaliie:

M=t p yiel
YA
with Ajy = (X €im) " i " di  MSj, - PDye ()

where M* denotes the optimal budgef is an allocation weight that measures the
attractiveness of a product for receiving more leidgndl is the index set of productsy is

the elasticity of marketing activity, p is the product pricej is the contribution margin (in
percent),MS is the market share, arfeD is the primary demand. The star indicates that
variable values correspond to the optimal solufmmthe marketing budget. Under a fixed
total budget, an improvement in the allocation \weghould increase the budget for product

dMie _ (SProfit dAy (6)
M, t Ay’
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Profit
i

where § denotes the proportionality factoA measures the anticipated optimal

allocation weight and all other terms are definecearlier. But, it is difficult to predict the
magnitude of the proportionality factor because lihdget change not only depends on the
allocation weight foi but also on the weights for the other producttheportfolio. Because

SProfit

the allocation is basically a zero sum game, weseixihato < § <1

We may simplify equation (6) as the primary demasdequal for products across the
portfolio in the same product category The contidou margin for pharmaceutical products

amounts to ca. 90% usually does not vary acrostupte (Fischer et al. 2011). Therefore:

aM; [ d mi
T 5T (S i) i T )
Finally, we solve the differential equation (7)dbtain:
In(M;) = 67" - (Bm €m) i In(MSy) + IC; (8)

4.1.2 Specification of the marketing budget model

We use these formalized rules to explain the mangeiudget for a product. The marketing
budget allocation is a complex multi-step processcivis influenced by several managers.
All of them potentially prefer different budgetimyactices. Therefore, we consider the final
marketing budget decision as the result of appboadf different budgeting rules. Further, we
apply yearly data to our model as budget decisasasnade on an annually recurring budget
process and therefore budget decisions made fone period of one year (Albers 2011;
Lilien 1979):

IN(Micrze) = 0; + 87485 - In Sy + 6™ - In MCige

+5ipmﬁt . ln(z Em " Die " INMS;) + 1y - In M1 €)
m
+1, - InLCTy + 7, + Ug + Ujckst

with
8! = w; + A1 - In(00E)) + A - In(H,) + A5 - In(LCT,) + Ay, - D_PAT, + & (10)
TZ~N(0' O-‘L?)J Ug ~N(O, O-l%)' uiCth~N(0' O-izckzt)

fli’vN(O) O-lzl')’
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where

Mickzt . Marketing expenditures by bramaf companyz in countryc
and categork and period;

Sit : EUR Sales of branidin periodt;

MCicwt : Aggregated marketing expenditures by bram@ompetitors in
countryc and categor¥ in periodt;

&im . Elasticity of marketing activityn of brandi;

MS;; : Market share of braridn periodt;

LCTi : Elapsed time since launch of brarid periodt;

Pit : Unit price of brand in periodt;

OOE : Entry order of brand

Hi : Herfindahl index of brand

D _PAT . Patent status of bramgd

7,0, U ¢ . Error terms;

o : Error variance;

0,9, n, w, 2 :Parameters to be estimated,;

m =1,2,3 (number of marketing activities);

k =1,2,...,Nx(number of product categories);

c =1,2,...,N; (humber of countries);

z =1,2,...,N;(nhumber of companies);

[ =1,2,...,N;(number of brands);

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

I = Sales, Comp, Profit.
The heterogeneous random brand consttcovers the sum of the integration constants in
equations (2), (4), and (8), as well as an oveatistant term. It controls for the influence of
other unobserved variables that are time-invamauat brand-specific, such as the application
for other budgeting rules which are not includeauim model. The) parameters indicate the
degree to which the brand managers apply the gmnelng budgeting rules as described
above. The heterogeneous distribution of randonarpatersd allows the estimation how
each budgeting rule is applied by each productimdataset.
Additionally, we contain the marketing budget oé fbrevious year and the time since launch
as control variables. As indicated by manager s véhe marketing budget of the previous
year has a significant impact on budgeting behavemause it is taken as starting point in the
budget planning process due to inertia effectsr¢Ri£986). By including the previous budget,
measured as deviations from the group mean to atdéouheterogeneity, our model adjusts
for this behavior. Since the transient and pemsistéfects of marketing decreases over time
(Osinga, Leeflang and Wieringa 2010), marketingestinents are more intense in the
beginning of the life cycle and being reduced afteds. We adjust for these effects by
including the time variableCT.
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We analyze moderating effects of the applicationbofigeting rules by specifying a
heterogeneous mean for theparameters which is influenced by the four faxtir order of
entry, market concentration, elapsed time sincedawand patent status as shown in equation
(10) and discussed in section 3. Since we assutieeraasing influence of the moderators on
the preference of the budgeting rules, we alwake the log of order of entry, Herfindahl
index, and elapsed time since launch. Specificaists, which we report later, support this
assumption.

Finally, the model shows a nested, multilevel erstructure, which consists of error
components that are company-specifiG,as well as category-specifig,. We assume these
errors and the idiosyncratic erraf,,,:, to be uncorrelated. As a result, the error vaeais
Var(t, + v + uickz)- While the brand constant control for the influerat other unobserved
brand-specific variables, this error structure Hart account for budgeting related firm-
specific characteristics, e.g. unobservable firreefic budgeting rules, as well as category-

specific characteristics, e.g. changes in marketigglations.

4.1.2 Estimation of the marketing budget model

We integrate equation (10) into equation (9) artthede the resulting equation by using a
two-step simulated maximum likelihood approachth first step, we first have to estimate
the anticipated sales, market share, and compsiitending, respectively, for application of
the budgeting rules. We obtain the expected valmeLS estimation of reduced-form
models, i.e. the variables which need to be es@ithare regressed on a set of explanatory
variables. To avoid biased parameter estimategagenultaneity the explanatory variables
have to be exogenous (Franses 2005). We obtaiexthected market share by regressing the
log of the market share on the exogenous but telsgables of log of number of products in
the market, the log of order of entry and the Ibghe average product price in all countries
except for the focal country as well as the timesilaunch and the log of time since launch
representing the life cycle. The corresponding krvaccounts to 382.6. To obtain expected
sales we regress the log of sales on the log oditkeage product price in all countries except
for the focal country and the aggregated categarggry demand in the other four countries
as well as the time since launch and the log o tsmce launch to represent life cycle effects.
The corresponding F-value accounts to 154.8. Binale regress the marketing spending of
competitors on the number of products in the matket Herfindahl index and the aggregated
category primary demand in the other four counttesobtain the expected competitive

marketing. The corresponding F-value accounts #9 18



An Empirical Analysis of the Use of Practitioner Ruledor Setting the Product Marketing Budget 18

In the second step, we have to account for therdggeeity in parameters as téeand o
parameter from equation (9) are specified as rangamameters with the heterogeneity
structure of 8, = 0,; +9; , respectivelyd,; = 6; +9; for budgeting methodl, with
9~N(0,I"), while n is specified as fixed parameté;.I’ are error terms, respectively the
variance-covariance matrix, of the brand-specifaszameters. Therefore, we estimate the
resulting equation of (9) and (10) by simulated mmam likelihood. In terms of its

econometric properties, the two-step estimatonisased and consistent (Greene 2006).
4.2 Brand sales model

4.2.1 Specification of the brand sales model

To estimate model (10) we need to know the elasticiof marketing activities. For this
purpose, we estimate a parsimonious sales modelreéteies brand unit sales to relevant
variables to obtain brand-specific estimates ofkai@mg responsiveness. We apply quarterly
data to thédorand sales modeFollowing Fischer et al. (2011), we define umites of brand

and periodwv as follows:

InqGickw = @o; + ay; * InDET;,, + ay; - InPJA;, + as; - InOME;, + a4 In Qi -1
+ as; ' LCTy, + ag; - In LCTyy, + By - In MCigpey, + Bo; - Inpyy, (11)

K-1 SE-1
+ Z Yo+k * In D_CATk + Z In Y3+s " SDse,w + Cickw
k=1 se=1

with

Cickw~N(Ol O-izckw) ) with COU(C ) f) =0
where

Clickw : Unit sales of brand i in countoyand categork in periodw;,

DETy, : Expenditures on detailing by brand i in pend

PJAw : Expenditures on professional journal advergjdy brand in periodw;

OME,, : Expenditures on other marketing activities bgruli in periodw;

LCTiw : Elapsed time since launch of brand periodw;

MCicw : Aggregated marketing expenditures by bramdompetitors in countrg and
categor in periodw;

Piw : Unit price of brand in periodw;

D_CATk: Category dummy variable for categdcy

SDew : Seasonal dummy variable for quadeand periody;,

¢, 0% : Error term and error variance;

a, f,y . Parameters to be estimated,;

k =1,2,...,Nx (humber of product categories);
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c =1,2,...,N; (humber of countries);

[ =1,2,...,N;(number of brands);

se =1,2,...,SE(four quarters); and

w =1,2,...,\ (number of periods per brand).

We apply the multiplicative interaction model, arglard response model, to explain brand
unit sales. This functional form has received laggw®irical support, has been found useful in
normative applications, and incorporates interactgfects in a parsimonious way (e.g.,
Hanssens, Parsons and Schultz 2001, 100). Wetdsteior the functional form and find that
the multiplicative model is indeed best representiir data (see also Fischer and Albers
2010; Fischer et al. 2011).

The parameters; — a; can be directly interpreted as elasticities. Wéeegarize the
marketing expenditures in detailing expendituresfgssional journal advertising and other
marketing expenditures. To allow for dynamics, welude a carryover effect, as it is
common in the time-series literature on advertigffgcts (Leone 1995). Again, to account
for heterogeneity the previous sales units are uredsas deviations from the group mean.
The parametet,; allows us to obtain brand-specific marketing canver coefficients. We
include the elapsed time and the log of the elapiseel since launch of the brand to control
for brand-life-cycle effects (Brockhoff 1967).

In equation (11), we account for brand heteroggneidlemand responsiveness (e.g., quality,
brand equity) via brand-specific slope parametéeéne 2006). An analysis of data shows
that product life cycles differ in trend and lengiinerefore, we account for heterogeneity in
the trend variables as well. Finally, we specifyedierogeneous random brand constagy) (
for influences of other unobserved, time-invariaatiables, such as management luck or
brand equity (e.g., Berndt et al. 1995; Fischegrtklar and Clement 2005).

In addition, the model includes the price of thensidered brand as control variable.
Distribution is less an issue in the response madelll pharmacies are required to list every
drug in the countries covered by our data. Duééoimclusion of various categories that are
likely to differ in terms of market size, we inclidategory dummies as non-random variables
to correct for market-size differences. Dummy Malea that represent one of the four quarters
of the year control for seasonal variation in dethan

The long-term marketing elasticityfor brandi which we need for estimation of equation (9)
is derived from the estimation results by (Fisoéteal. 2011):

ity +as;

=" (12)

1=y
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4.2.2 Estimation of the brand sales model

The specification of the brand sales model accofantdrand heterogeneity. From equation
(11) the random parameters atg— a With a heterogeneity structure on these parameters
a; = a+ @;, with ¢;~N(0,2). ¢; denote the error terms, an@ the variance-covariance
matrix of the brand-specific parameter We account for the heterogeneity in the pararaeter
by estimating equation (11) by simulated maximukelihood.

Our marketing budget model in equation (9) indisaa@ endogenous relationship between
marketing expenditures and sales on a yearly b&iswe have to check whether our
marketing expenditure variables in equation (11)vinch we use quarterly data are as well
subject to endogeneity. Since potential cross-seaticorrelation is controlled by including a
random brand constant, we only have to test foeraor correlation of expenditure variables
over time. Therefore, we apply the Hausman-tegshéomodel in first differences (Greene
2006) using the variables that are two periodsddgas instruments (Anderson and Hsiao
1982). We do not find evidence that marketing denisariables are endogenoys(5). The
F-value of the first-stage regression accounts 8.8 which indicate that we have valid
instruments. This finding indicates that quarteshanges in marketing expenditures are not
the result of budgeting methods which is in lin¢twthe results of prior studies (e.g., Fischer
and Albers 2010).

5 Data

We estimate our models using data from four prpson drug categories, Hypertension,
Antidiabetics, Erectile Dysfunction and Antiinfeats. We are provided with data on unit
sales counted in standard units, revenues (alUR)Eand the date of product launch, which
we use to obtain order-of-entry and life-cycle mfation, by IMS Health, Inc. for a time

period of 12 years (1996-2007). This allows usdooant for time variation by using panel
data (Farris and Buzzel 1979). In addition, we meguce the level of multicollinearity due to
more degrees of freedom (Brobst and Gates 1977)iramdase the generalizability of our
results (Balasubramanian and Kumar 1990). We coedpptices from revenues and unit
sales. Via their CAM database, CEGEDIM, S.A. preddinformation on detailing

expenditures targeted at general practitionersgialgs, and pharmacists. In addition, we
possess information on professional journal adsiagi expenditures (including direct
mailing), and other expenditures. The subcategdoiethe classification of the order-of-entry

are defined according to the corresponding ATC-E(@oscelli 2000).
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Table 3 shows mean values and standard deviatwnthé variables used in estimation. In
total, 18,391 observations are available. The @atasmprises 518 products in the four
product categories. Note, that we transformed tratgrly data to annual data for estimation
of the marketing budget modeds the budget decision is made in an annuallyrregu

budgeting process. This reduces the number of whsens to 4,908.

6 Estimation results

6.1 Brand sales model

We present the estimation results for thhend sales modeh Table 4. As our main objective
is to obtain brand-specific estimates of marketiegponsiveness, we focus on the estimation
of marketing elasticities.

Consistent with prior research (e.g., Albers, Malatrand Sridhar 2010; Fischer and Albers
2010), we find the strongest impact for detailifgwing short-term elasticities of about .07
and long-term elasticities of about .20. Journalestising and other marketing expenditures
are considerably less effective with short-ternsttéties of about .04 and .02, respectively,
and long-term elasticities about .10 and .05, retbpsy.

In terms of control variables, we find typical liégcle shapes (Fischer, Leeflang and Verhoef
2010), a negative price impact and an average -caey effect of about .63. Only the impact
of competitive marketing expenditures is slightlygising as it is positive. This indicates a

market-expansive character on average.

6.2 Marketing budget model

We present the estimation results for tharketing budget modelf equation (9) in Table 5
and of equation (10) in Table 7. The estimatiomltesn Table 5 indicate how the budgeting
rules are applied across companies, while the matidgreffects as shown in Table 7 give
insights about which factors have an impact orptieéerence for the corresponding rules.

6.2.1 Analysis of “rule-parameter” values

The estimated coefficients of the “rule-parametansTable 5 indicate how the budgeting
rules are applied on average. For the coefficiesates-oriented methods, we find a value of
about .45 on average which is in the range of oyneetations. As we have a double-log
model, the coefficient value corresponds to thateliy, i.e. budgets do not increase to the

same amount as expected sales. The coefficienbropetition-oriented methods is positive
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Table 3. Descriptive statistics

Mean SD
Sales in thousand EUR 4,083.6 5,534.6
Market share in standard units 8.2% 17.3 %
Detailing expenditures in thousand EUR 6,993.9 P35.
Professional journal advertising 27.8 90.6
expenditures in thousand EUR
Other marketing expenditures in thousand 235.05 792.4
EUR
Price in EUR per standard unit 1.1 4.1
Elapsed time since launch in quarters 50.2 39.4
Proportion of drugs under patent-protection 43.0 %
Order of entry 3.9 2.6
Herfindahl-Index A2 .23
# of countries 5
# of products 518
# of companies 79
# of observations (quarterly/yearly) 18,391/4,908
Table 4. Estimation results of the brand sales modle
Dependent variable Ln(Unit Sales)
Est. Para- Standard Est. Para- Standard
meter error meter SD error
Constant 6.150 (.017)** .036 (.001)**
Ln(Lagged Unit Sales) .639.002)** 127 (.002)**
Ln(Competitive Marketing .044 (.001)**
Expenditures)
Ln(Price) -.381 (.002)**
Elapsed Time Since Launch -.0067x10%** 040 (.5x10%)**
Ln(Elapsed Time Since .287 (.003)** 078 (.4x10%)**
Launch)
Marketing variables
Ln(Detailing) .073 (.001)** 066 (.2x10%)**
Ln(Journal Advertising) .037(.001)** 036 (.7x10%)**
Ln(Other Marketing .017 (.001)** .005 (.5x10%)**
Expenditures)
Log Likelihood -10,807.1
Pseudo R2 922
# of observations 17868
# of products 518

Notes: ** p<.01; * p<.05!° = not significant
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and significant on average at a value about .185jncreasing competitive spending results
in an increase of the own budget size. This cordfithat managers are competitor-oriented,
which results in aggressive reactions (e.g., Legfland Wittink 1996). Previous research
showed that this behavior is very often not drinrational profit-oriented considerations.
Instead, managers are more interested in improwiag market position compared to their
competitors (Azoulay 2002). Leeflang and Wittinle96) argue that the affinity to aggressive
reaction to competitors marketing spending can Bpla;med by competitor-oriented
objectives or the evaluation on relative perforneanteasures of brand managers. Our study
confirms that aggressive reactions can be explaasedell by application of competition-
oriented methods. Finally, the estimated coeffici@nprofit-oriented methods is on average
significantly below the value of one, but withiretexpected range (=.717). An explanation of
this result is that budget changes depend on tleation weight for all products in the
portfolio. As allocation is basically a zero sunmgg changes in allocation weight generally
cannot be fully followed (as discussed in sectidnl.

Table 5. Estimation results for the Marketing Budge Model

Dependent variable Ln(Marketing Expenditures)
Est. Para- Standard Est. Para- Standard
meter error meter SD error
Constant -.617 (.436)™ .072 (.028)**
Lagged Marketing Budget .185(.058)**
Elapsed Time Since Launch -2.830.065)**
Budgeting methods
Sales-oriented Method A450(.112)** .369 (.004)**
Competition-oriented Method .185(.058)** .051 (.002)**
Profit-oriented Method 717  (.100)** 329 (.017)**
Moderators

Estimation results are shown in Table 7

Error components 296 (.026)**
Firm-specific error component
(standard deviation) 512 (.026)**

Category-specific error component
(standard deviation)

Log Likelihood -9,737.5
Pseudo-Rz? T77
# of observations 4,390
# of products 518

Notes: Nested, multilevel error structure whichgiets of company- and category-specific error canepts. **
p<.01; * p<.05;™ = not significant
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The covariates have the expected signs. The buafgéte previous period has a positive
impact, which indicates that previous budgets dapted in the budgeting process, probably
as they are taken as starting points in budgetnpign(Farris, Shames and Reibstein 1998).
The elapsed time since launch has a negative ingpaitte marketing intensity. This is in line
with prior studies (e.g., Osinga, Leeflang and \Migat 2010; Lilien and Little 1976) as
products first need to generate awareness whemirent@ market, while they benefit from
built-up marketing stocks in the later stages drttife cycle (Ailawadi, Farris and Parry
1994; Farris and Buzzel 1979).

6.2.2 Analysis of “rule-parameter” distribution

To identify how many companies apply each of thedehdominant budgeting methods we
analyze the distribution of the “rule-parametergiogs brands. Our estimation approach
provides us with posterior standard deviationstha individual parameters. Therefore, we
may apply a pseudo t-Test which tests for how ntamapds the individual parameter value is
significantly different from zero (p<.05), i.e. hasstatistically significant impact on the

marketing budget decision, and for how many bratids individual parameter value is

significantly not different from one (p<.05), i.#he corresponding rule is fully applied. The

distribution of the three “rule-parameters” is simow Table 6.

Table 6. Application of budgeting methods across lands

Applied Fully-applied

(5% 0) (5=1)
Sales-oriented Methods 81.24% 11.53%
Competition-oriented Methods 53.18 % 0.34%
Profit-oriented Methods 40.54% 33.56%

Notes:* p<.05

The sales-oriented methods are applied most okathey have a significant impact on the

marketing budget for 81.24% of all brands. Thisileis consistent with the average response
across survey studies of 84.2%. that managers ttatehey apply sales-oriented methods
(see Table 1). But we only find for 11.53% a statd#dly significant parameter value of one,

i.e. a full proportional adjustment to sales, whicticates that most firms apply “Percentage
of Sales” in a disproportional way. Further, we erbe a widespread use of competition-
oriented methods, which are applied to 53.18% btednds. The mean parameter value
of .185 (see Table 5) and the fact that only .34f\athis method fully, i.e. have a parameter
of one, show that competition-oriented methodgaiteer used complementary. Nevertheless,

this finding confirms that marketing budgets arelely influenced by competitive marketing
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budgets (Chintagunta und Desiraju 2005; Chintagukgadiyali und Vilcassim 2006) and
thereby contradicts the results of survey studeesming to which only 21.7% of managers
apply competition-oriented methods. Contrary, profiented methods are applied for only
40.54% of brands according to our “rule-paramet@fues. This points out that “Objective
and Task” is less widespread than expected basedirory results. But we observe a wide
range of parameter values close to one, as fo633& products profit-oriented methods are
fully applied, i.e. about 82% of brands which usefip-oriented methods apply it fully.
Summarizing our results, managers have a relialoterp of the influence of sales-oriented
methods on the marketing outcome. But the focusoonpetition is clearly underestimated as
changes are much more driven by competitive ads/ithan stated in surveys. On the other
hand, methods which are derived from profit maxatian, i.e. profit-oriented methods, are
less applied which confirms the assumption of psidies that managers tend to overstate

the application of profit-oriented methods (e.gari¢nson 1989).

6.2.3 Moderator analysis

The “rule-parameters” show significant variatiorraas brands. Our estimation results of
moderating effects are shown in Table 7. They glewnformation about the sources of this

observed variation.

We find significant moderator effects for most loé tdeterminants discussed in section 3. Our
results support most of our expectations as suraedhin Table 8. Further, we get insights

about moderators where we could not hypothesizeatabeir impact due to opposite effects.

We compare the results of the moderator effectappfiication of budgeting methods for

equation (10) in Table 8.

Table 7. Estimation results for the moderating effets of the Marketing Budget Model

Dependent variable Brand-specific rule parametepfortionality factoro) for...
Sales-oriented Competition- Profit-oriented

Method oriented Method Method

Est. Pa- Standard Est. Pa- Standard Est. Pa- Standard

rameter  error rameter  error rameter  error
Market Concentration .0499.014)" -.0083 (.009)™ 1573 (.010)"
Later stage in Life Cycle  .4883.030)" -.0461 (.018) 3211 (.040)
Order of Entry -.0391 (.029)™ -.0090 (.017)™ -.2483 (.029)"
Off-patent Status .5336(.051)" -.2223 (.030)" -.9401 (.048)"

Notes:**p<.01; * p<.05;"™ = not significant

Market Concentration is measured as Herfindahbin@atent status is a dummy variable coding O téipiais
expired and 1 otherwise. The stage in life cyclmé&asured as time since product launch.
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Table 8. Comparison of expected and estimated ressiffor moderating effects

Preference for the application of...

Sales-oriented Competition-oriented Profit-oriented Methods
Methods Methods

Expected Estimated* Expected Estimated* Expected Estimated*
Market Concentration + + + NS + +
Later Stage in Life + + +/- - + +
Cycle
Order of Entry - NS + NS - -
Off-patent Status + + +/- - +/- -

Notes:* p<.05; NS = not significant

The expected impacts are summarized in Table 2e$timated results are presented in Table 6.
Sales-oriented methodSur estimation results provide support for our etgons that sales-
oriented methods are rather applied in highly catre¢ed markets, in the maturity stage of a
product and under patent protection. But our resdti not provide evidence that order of
entry has an impact on the preference for salesyail methods. Nevertheless, summarizing
our results the estimated effects confirm thatssakeented methods are rather applied by

dominant firms in the market, as indicated by prasistudies (e.g., Lynch and Hooley 1990).

Competition-oriented methods8Ve do not find empirical support for our expectatitnat
competition-oriented methods tend to be more agptihighly concentrated markets. This is
surprising due to a higher threat of competitivekating in oligopoly structured markets. A
possible explanation for this insignificance cobklthat larger firms, which can be found in
highly concentrated markets, generally prefer folyapather sophisticated budgeting methods,
such as “Objective and Task”, instead of unsoptastid competition-oriented methods (Parry,
Parry and Farris 1991; Hung and West 1991). Wedcoat provide a prediction on life cycle
effects on the application of competition-orientethods due to opposite effects. The
estimated negative impact of elapsed time sinceclaindicates that the need for generating
awareness in the market after product introductatweighs the threat of competitors in
declining markets which results in a higher prefeee of applying competition-oriented
methods in the early stage. Our results do notigeoevidence that order of entry has an
impact on the preference for competition-orientecethnds. The insignificance of
competition-oriented methods may be explained ey fct that pioneers are focused on
defending their market position and therefore reacany competitive activity. Finally, patent
expiration leads to a decreased application of aitign-oriented budgeting methods which
indicates that the effect of loss in market attvéctess outweighs competition intensification
after patent expiration, i.e. a more profitable keédrenhances the focus on competitive

activities.
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Profit-oriented methodsAll of our expectations regarding profit-orientedetimods are
supported by the estimation results, i.e. the peefs for applying profit-oriented budgeting
methods is higher in concentrated markets, in dher Istages of a product, and for pioneers.
Further, we find that patent expiration leads toirgreased application of profit-oriented
budgeting methods which indicate that the effeat@hpetition intensification outweigh the
negative effect due to a loss in market attractgenafter patent expiration and, therefore,
increases the need for sophisticated budgeting odsthsuch as “Objective and Task”
(Huskamp et al. 2008).

6.2.4 Robustness Checks

The Pseudo-R? of thmarketing budget modé .78 and .92 for thierand sales modgWwhich

is quite high and shows that our models providapropriate framework for budget setting
behavior. Further, we checked whether our modetipation and estimation is appropriate
for the data in three ways. First, we checked mallinearity by estimating the Variance
Inflation Factor of each variable. As all Factors alose to one, we do not find an indication
of multicollinearity (Greene 2006). Second, we adstlternative functional forms of the
moderators in thenarketing budget modeind thebrand sales modets well. In particular,
we estimated equation (10) as linear model andteouéll) as semi-log and market share
attraction model. The Davidson and MacKinnon (198%) for unnested models suggests that
the proposed specifications are superior to alteraspecifications. Third, we tested an
alternative specification of the “Objective and Kasormalization (see equation (5)) by
including revenues instead of market share, Aig= Q. &im) "di - Sir . Therefore, we
executed a Davidson and MacKinnon (1981) test wiidhconclusive for our data, i.e. the
two formalizations are not superior to each otBert. due to the business stealing character of
the marketing activities in the European pharmacalutnarket (e.g., Narayanan, Desiraju and

Chintagunta 2004) we assume that practitionergrdtitus on market share.

7 Conclusions, Limitations, and Future Research

Our analysis of 518 brands in the pharmaceuticaketareveals important insights about
budgeting behavior. By formalizing the existing gating rules, we developed a model to
estimate their impact on the observed product ntizawdgdudget decision. This allows us to
find empirical support for the application of dfirée categories of budgeting rules. But the
impact on the marketing budget varies significaaityoss brands. We find that for 81.2% of

the brands sales-oriented methods, for 53.2% odbitheds competition-oriented methods and
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for 40.5% of the brands profit-oriented methods apelied. In summary, managers have a
good feeling of the influence of sales on the mimkebudget, but they underestimate the
impact of competitive marketing spending, while #pplication of profit-oriented methods is
overstated. This finding shows that marketing bislgge generally not based on profit
maximization approaches, and therefore also cowcteadne of the main assumptions of
structural modeling.

To explain the variation in application, we furthemalyzed the moderating effects which
affect the preference for specific budgeting meshd@ur results indicate that sales-, as well
as profit-oriented methods, are rather applied dyidant firms in the market. Profit-oriented
methods additionally dominate in highly competitivarkets when an expiring patent status
allow for competition which increases the need $mphisticated budgeting. Contrary,
competition-oriented methods are preferred in #ntyestages of the life cycle, i.e. at market
entry, when a strong focus on competition may altowgenerate awareness and to obtain
distribution in the market.

In summary, this study offers a new approach fer dhalysis of the budgeting process in
companies. Our results provide insights into theldgeting process by analyzing how
budgeting rules are applied and which moderatifecef may influence the application of the
rules. This provides managers with a deeper uratastg of how budgets are set in
companies and they may help to predict the marfgdbundget of competitors. Further, our
results also shed some further light on theory arwdlel development. We find empirical
evidence that marketing budget decisions are basdaudgeting rules which provide some
explanations for prior studies. This indicates thanagers set their marketing budgets
suboptimal (e.g., Albers, Mantrala and Sridhar 30EQr this reason, assumptions in models
regarding budgeting behavior should take theseltseguto account. Structural modeling
approaches base on the assumption of profit maatroiz by practitioners. But our results
indicate that this assumption does not hold in gars® that the structural modeling approach
has to change.

Our study is also subject to limitations. Thearketing budget modegdrobably does not
include all factors which may have a significanpant on the determination of the marketing
budget. But since we control for many factors by @mdom constant and the error terms and
our focus is on the analysis of the applicatiomwdgeting rules, we ignore for an exhaustive
discussion of determinants of marketing budgetsidéatify the influence of these controlled
factors may represent an interesting issue for imggesearch. Finally, the estimation results

hold for pharmaceutical firms in European markétsvould be interesting to extend the
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analysis to other industries and other regionss Thof particular interest as regional impact
on budgeting behavior is still unclear (Bigné 19%=pally, although we analyze the effects
of some important variables, such as order of estage in life cycle, market concentration,
and patent status, we do not claim they are thg iomportant moderators for the application

of budgeting methods. More research should invatithe role of other variables.
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Abstract

Previous research on marketing budget decisionsshawn that profit improvement from
better allocation across products or regions ishrhugher than from improving the overall
budget. However, despite its high managerial relegacontributions by marketing scholars
are rare.

In this paper, we introduce an innovative and fdasgolution to the dynamic marketing
allocation budget problem for multi-product, mudbuntry firms. Specifically, our decision
support model allows determining near-optimal mankebudgets at the country-product-
marketing-activity level in an Excel-supported eomiment each year. The model accounts
for marketing dynamics and a product’s growth poétras well as for trade-offs with respect
to marketing effectiveness and profit contributionhe model has been successfully
implemented at Bayer, one the world’s largest firnmshe pharmaceutical and chemical
business. The profit improvement potential is mibi@n 50% and worth of nearly EUR 500

million in incremental discounted cash flows.

1 Introduction

Determining the marketing budget has been of pamatnionportance to marketers for many
decades. Global players such as Procter & Gambdmds@mround US$ 8.5 billion on
advertising per year (P&G 2008). Since marketingeeditures are immediately recognized
as costs on the income statement but their totphathon sales often fully unfolds only in
future periods they need to be evaluated in ternas anvestment decision. In view of limited
financial resources, the global annual marketinggeti of a company is usually set in the
previous year, i.e. it is fixed. If companies oftebroad product portfolio to customers from
various countries and use a variety of communioativannels they need to break down the
fixed annual budget into expenditures across castrproducts, and communication

activities. For many firms this task requires deti@ing individual budgets for hundreds of
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allocation units. As a result, firms face a comptiecision problem: they need to allocate a
fixed budget across a multitude of allocation unig evaluating the impact of these
investment decisions on future cash flows. Techiyicananagement needs to solve a
dynamic optimization problem for an investment fui® under a budget constraint. As
marketing budgets are set on an annual basis tamgement challenge recurs on a regular
basis.

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

Marketing practitioners frequently use heuristictimoels when it comes to determining the
marketing budget. Bigné (1995) reviews 16 studigsliphed 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 age"plercentage-of-sales”, “objective-and-
task”, and “affordability” method. These rules ubpgield results that are rather far away
from the optimal profit-maximizing budget. Analytmethods that are based on the principle
of marginal returns analysis produce optimal busipett are only considered 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 for a Bngroduct in a static environment (for an
overview see Hanssens, Parsons and Schultz 206igné the earliest and most influential
contributions is the work by Dorfman and Steine954). They derive necessary conditions
that must hold for static profit maximization wheptimal levels for several marketing-mix
variables are set simultaneously. The solutionrsffenportant general insights into the
budgeting problem but does not offer guidance rigrlementation into marketing practice. In
addition, it does not consider dynamics and thepmtive of a multi-country, multi-product
firm.

A large stream of papers takes a dynamic persgediiv an overview see Erickson 2003).
The recent paper by Naik, Raman and Winer (200&),ekample, considers interaction
effects between advertising and promotion underadyo oligopolistic competition. The
focus of these studies, however, remains on sipgdeucts. They do not inform on how
budgets are simultaneously set for several prodnatiew of limited financial resources.

This question can only be answered by an integralledation 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 imprg\the overall budget. However, despite

its high managerial relevance and profit improvetm@otential contributions by marketing
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scholars are rare (Reibstein, Day and Wind 26@9).important emerging literature stream
(e.g., Kumar et al. 2008; Reinartz, Thomas and Kug€@05) deals with the problem of
resource allocation across customers. Typicallgseéhapproaches require data on individual
customer behavior and focus on service indust@ser articles focus on problems of sales
territory design and sales force size (e.g., Skaw Albers 1998; Zoltners and Sinha 2005)
but do not address allocation decisions for pragluict multi-product, multi-country
businesses. Only a few approaches are based oegadggmarket response models that can be
calibrated with sales and marketing data at thdymblevel, which is the primary data source
in many industries. Lodish (1988) proposes an atioa algorithm for a specific type of
market response that has been adopted by a pharmmateompany. Doyle and Saunders
(1990) derive a closed-form allocation solution end budget constraint for the semi-log
response model and apply it to a British retakdbers (1998) generalizes the solution to the
case of an arbitrary response function and allogatinit. Since a closed-form solution in
terms of response parameters no longer exists dy@oges a heuristic rule and shows via
simulation that it quickly converges to the optimalimerical solution. While these
approaches consider trade-offs among products pafréiolio for budget decisions they are
focused on short-term profit maximization. Markgtohecisions, however, need to account for
dynamics, as well. On the one side, dynamic consib®s result from lagged effects that can
be represented by a marketing stock variable. ®rother side, dynamic considerations arise
from the fact that a portfolio mixes products wiliferent ages and growth opportunities.
Requirements for marketing support change as theugt evolves along its life cycle. To the
best of our knowledge, a dynamic marketing buddkicaion 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 methofeaking down a global marketing budget
into individual budgets at the country-product-neitkg-activity level. We take the position
of an international firm that offers a broad padliticof products to customers from different
countries. Products are promoted by various a@s/including classical advertising, below-
the-line activities, personal selling, etc. Eachnyhe firm sets a global marketing budget that
is to be spent by the various allocation unitshi@ 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 methttht recommends how to allocate the

! We acknowledge other research traditions thataihlallocation problems. For example, internatibinade
theory discusses issues of dynamic resource albocatross countries at a macro level (e.g., W@8p)L.
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annual global budget across countries, products,naarketing activities, we do not address
the tactical problem of inter-temporal allocatidraa individual budget within the year (for a
summary of this literature see Doganoglu and Kla20€6).
We contribute to allocatiomheory by offering a solution to the dynamic portfoliogfit
maximization problem. The theoretical solution pd@s important insights into how
individual budgets should be set so that they aticéur differences in profit contribution,
marketing effectiveness, and growth potential. ©p&mal budget describes an endogenous
relationship where various variables need to kbeir global optimum. This relationship also
holds under Nash competition. Under both monopaly ldash competition, however, it can
only be solved with numerical methods. Numericatimzation often faces significant
acceptance barriers in practice, which may be easan for the frequent use of suboptimal
budgeting heuristics (Bigné 1995). While the nuiwedrmethod produces the optimal budget,
the product manager cannot reproduce the resulttsoown. Therefore, s/he does not
understand why the recommended budget level shmutbtimal for his/her product.
Hence, our second contribution is to allocatactice We develop a near-optimal allocation
rule that addresses the demand for simple allatatites by practitioners. The rule is directly
derived from the theoretical solution. It providasights into the solution structure and can
be used with a spreadsheet. In a simulation studydemonstrate that the allocation heuristic
quickly converges to the optimal solution undenyirag conditions. While easy to understand
and to implement, the heuristic goes beyond widssprbudgeting rules such as the
“percentage-of-sales” method (size of the businegggcifically, it integrates 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@medimplemented the heuristic for the
product portfolio of Bayer’'s Primary Care businesst. This portfolio includes 36 products
from four strategic therapeutic areas that are etack worldwide. Product managers can
choose among six different types of marketing #éts such as detailing or print advertising.
The project had significant impact on the marketinglgeting practice at Bayer. It initiated

an important change in the understanding of thecation task by providing structure and
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solution to a complex problem. The empirical apgian revealed a profit improvement
potential of more than 50% or nearly EUR 500 milliof incremental discounted cash flows
over the next five years. Finally, the project #igantly contributed to an organizational
change that resulted into the creation of a newkaterg intelligence unit. One of the main
tasks of this unit is to support top managememvaluating the financial impact of marketing
decisions.

The rest of the paper is organized as follows.him next section, we describe our analytic
approach to derive the proposed heuristic allopatibe and the associated simulation study.
Section 3 provides information about Bayer and rttegket background. The fourth section
focuses on the empirical application. We discuss dhata, the estimation of the market
response model and validation issues. Section $eptse the implementation of the allocation
heuristic in Excel. We further evaluate the empiriindings and the impact of the project on

Bayer. We close with limitations and suggestiondditure research.

2 A Heuristic Rule for Dynamic Marketing Budget Allocation

2.1 Theory

Assume an international firm that operates acrbesworld and sells several products that
may belong to the same or different categories. Aumaber of products offered may differ
across countries. Product management can choosegavaoious marketing activities, such
as print advertising, personal selling, direct mgil etc. to enhance current and future sales.
At the end of each year, marketing investment pkanghe next year are developed. We
assume that the firm wishes to maximize the netgurevaludl of its product portfolio over

a planning period, e.g., five years. We further assume that a toi@keting budgeR has
already been set at the firm level. We do not mdded process, i.eR is exogenous.
Additionally, the total budget is assumed to bestant over the planning horizon. Top

management, however, may decide to adjust the tew@lg 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 period that depends of, the marketing stock, and other variables (e.g.,
competitive marketing stock) that are summarizedh@ row vectorZ. Without loss of
generality, we focus on only one own stock variallet us decompose sales into two

components

atsz)=q )] { $xz(). @
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whereq[-] is a growth function that represents a basitepa of growth dynamics as known
from diffusion and product life cycle research, dph{lis a separate response function that
measures the direct impact 8fandZ on sales. Note that this decomposition is helfdul
interpretation but does not limit the generality afr model development. The growth
function describes the evolution of new producesalver the life cycle and is assumed to be
influenced by investments into the marketing staRksearch on diffusion processes and
product life cycles provides broad evidence for ttependence of growth dynamics on
marketing-mix variables (e.g., Bass, Jain and Kash2000; Fischer, Leeflang and Verhoef
2010). The marketing stockfollows a dynamic process that satisfies the teffiéal equation
(Nerlove and Arrow 1962)

dd—‘tS:—JS+ x x=20, and§ 0§ know, (2)
wherex denotes marketing expenditures ard the depreciation rate of the marketing stock.
Let k denote the country with the index $étandi denote the product, whereas the set of
products offered in countty may vary and is given by. Letn denote the type of marketing
activity or spending category, respectively, &de the associated index set that may vary
across products. We omit the time argument unléss ineeded for an unambiguous
understanding.S is an Ni-dimensional row vector summarizing the activitysific
marketing stocks for productLet ET measure the elapsed time since launch of a praatict
=0, r be a discount rate, O<eo, p denote price¢ be marginal cost, ang be activity-specific

marketing expenditures. The constrained dynamifitpraximization problem of the firm is

T

MSK?X n= t=0 E_i ZkDKZiDIk ( R~ %) Dq( El+ "Sd’zki) _ZkDKZiDIanDNi & de3)

Discounting

Profit contribution Unit sales Marketing expenditures
Discounted net value @iroduct portfolio
bi : hd_R _ .
subject to R{kmzmk ZHDNi X - Wit i (  (Budget constraint) (3.1)
ds; . . .
% = =OinSkin t %in» With %, 2 0, (State variable equation) (3.2)
Si20, S.(0= Sy, andS( T= & (Boundary conditions) (3.3)

Sant IS free but must be nonnegative and satisfy tragéuconstraint. In the Appendix, we

show how this problem can be solved by employirgdalculus of variations together with
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the Lagrange approach (Kamien and Schwartz 199gcifically, the solution to the
1+ka.<zm. |Ni| Euler-Lagrange equations is

( Py _@i)cﬁ(gf(xk“n)+£g(>ﬁn))

XIEn — (r+1_ykin) (4)

R (P =6 )l e d
ZIDKZjEI,ZmDNj | J(r+(1_f(y>lﬁ;::) g(ﬁm) /]ZIIZIKZJEI ZmDN Sjm

1d§“ , OkOK ,iOl, ,nON; tO[ or] ,

where &y denotes thecurrent-period elasticity of sales with respect to marketing
expendituresgyx measures the sales growth elasticityneasures the marketing carryover
(with y =1 -9), 4 is the dynamic Lagrange multiplier, and all otlerms are defined as
earlier. The star indicates that variable valuesespond to the optimal solution for the
marketing budget, which is measured as the optshale in the fixed total budg& in
Equation (4). In a common product portfolio, thenier of allocation units tends to be quite
large. Since the total budg& to be allocated is fixed, some stocks increase @hers
decrease in the dynamic optimum. As a result, gaimklosses tend to cancel each other out
and the second summand in the denominator of Exuéd)) is close to zero. Considering the
restriction that optimal budget shares must suni t(see the Appendix), we obtain the

following general solution for the optimal budgeat is close to solution (4)

Max{ V\En(t),o}

xo (1) O R OKOK, idl,nON,td[0T, (5
ZIDK Zth ZmDNj Max{ V\Em (t),O}
with
L= -a) &) (™ Sun) [/ Ka) )

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

wherew is an allocation weight and all other terms aréneel as earlier.
The optimal solution considers dynamics in two atéht ways. First, it incorporates the
dynamic effects of building and leveraging the neéirg stock, which is reflected in the

marketing carryover coefficient Second, it accounts for the growth potential gfraduct
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that is related to marketing investments as redtat the growth elasticityyx. Note that our
sales response in Equation (1) includes a growthtion, g[-], that describes the evolution of
new product sales along its life cycle. The groefidsticity measures the power of marketing
to shape the life cycle. Hence, we assume thagrbwth process is endogenous with respect
to marketing expenditures. A recent empirical stumhy drugs by Fischer, Leeflang and
Verhoef (2010) supports this premise. The authord that the shape of the life cycle is
indeed influenced by investments in the marketitacls More importantly, their results
suggest that marketing investments in the growtteng@l of a new product have a strong
impact on future cumulative sales and discountesh ¢dlbows. On the basis of a parametric
growth model, we show subsequently how the optismltion favors shifting marketing
resources to young products so that they can Igedfreeir endogenous growth potential.
Equations (5) and (6) represent the first-orderddwmns of the constrained dynamic
maximization problem. These conditions also neebtéadulfilled by each firm under Nash
competition. Here, each firm sets marketing budgetiependently of its competitors by
taking the competitor budgets as given. Equilibrivalues may be obtained by numerically
and simultaneously solving the budget equationgterportfolio of each competitor. Note
that our general sales model in (1) assumes proghles being influenced by competitor
variables such as competitive price and competitinarketing expenditures. Competitor
actions thus have an impact on the optimal soluéisrthey change*, &ix), andeyyx) in

Equation (6).

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

consistent with our empirical application at Bayee, specify the growth function as follows
0 (1.S6) =@ t™ S B8 with a3, by > GandD [0,%0), (7)

where a is a scaling constant, arml and b are growth parameters that depend on the
marketing stock. The model describes an asymmetowth path that leads to a single peak
in the life cycle which occurs %= a/b. Hence, the growth parameters determine the time-
to-peak sales and, as Fischer, Leeflang and Ver(&80) also show, the height-of-peak
sales. In addition, they define the shape of tfeedycle. Equation (7) is equivalent to the

gamma distribution, which has been frequently usedesearchers because of their flexibility
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to capture many shapes (see the Appendix). For gbeama = 0O it reduces to the exponential
distribution that is characteristic for many megraducts such as movies. Most importantly,
we assume that marketing investments have a lang4t®pact on cumulative sales that is
mediated by the growth parameters. Figure 1 comspiave life cycles that peak around the
same time. Cumulative sales are, however, quiteerdiit because of the differences in
growth parameters that are assumed to arise frdmrdow or high marketing investments.
In the appendix, we show that cumulative salesahweys higher for the life cycle whose

difference between growth parameta@ndb is larger.

Figure 1. lllustrative product life cycles for different marketing investment levels (see
Equation 7)

|—0—LOW marketing investment —8— High marketing investment

Sales 10
(in000) 4
8 /{m\-\‘\.\_\-\
6 Cumulative sales = 198,328
—
T e,
4 a
3 V\N\N\“N
5 // Cumulative sales = 131,745
1 4
0 . . 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 o = 1)

From Equation (7), we obtain for the growth elastic
£q(x,) = €akinI (t) &y = €b,kint by,
which can be inserted into (6) to yield the optiralddcation weight in planning peridad

Wein (1) = (P — Ga) CEi[‘gf(ka)'th,kinln( E%i+ ) &—€nun( ETt+ } 5.}/( 1= Vi) (8)

in
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where e, kin and epkin Measure the elasticity of the growth parameterth wespect to
expenditures on marketing activityand all other terms are defined as earlier. Nod¢ET
(elapsed time since launchtir= 0) accounts for differences in launch times agnproducts

in the portfolio context.

2.1.3 Implications for Budget Allocation The optimal solution provides a number of
intuitive insights into the allocation problem. Edions (5) and (6) show that a fixed budget
should be allocated according to a simple propoaiioule. The optimal budget for a product
relative to other products increases with its dbotion marginp-c and its sales basg
Similarly, the larger produdts long-term marketing effectiveness for actiuitys the higher

its budget. The long-term marketing effectivenesscomposed of the short-term sales
elasticity, the discount rate, and the marketingycaer: e /(r+1-). Consequently, if long-
term marketing effectiveness is larger across fajproducti's activities compared to other
products the total budget for producincreases. Finally, Equations (5) and (6) reveal t
importance of a product’s growth potential for betgetting as reflected by the sales growth
elasticity. This term varies over the life cycleid largest at the beginning when most of the
sales is yet to come. Hence, the potential impacharketing expenditures on future cash
flows is greatest at this stage, which is why yopnaducts get a higher allocation weight and
thus a larger share in total budget. Because ofgtbeth potential the optimal marketing
budget might even be higher than revenues of apreduct at the beginning of its life, i.e.
the solution may suggest to spend money on prodioatsnay 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, the optimlédcation weight is expressed in terms of

growth parameters. From (8), it follows that the rge&a the difference
£, In(ET+t) d'~&/( ET+ § B is the higher the budget for a product. For présiticat have
been launched in the same year, we know that cuivellsales are higher for those products
for which the distance betweenandb is larger (see the Appendix). The distance may be

enlarged by marketing investments to a certainngxde reflected in the elasticity parameters

€a andep. The growth expectations of a product also chaoegr time. Since the growth

potential term varies withit accounts for this. To facilitate interpretatiassumey = & =1 .

Then, our measure simplifies {0(ET+t)a’~(ET+§ b . For mature pregjuit gets

smaller and may turn negative at some point in . time¢he decline stage, the budget is likely
to be zero as the sum of the short-term marketiastieity and the growth potential measure

in Equation (8) is eventually becoming smaller taaro.
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2.2 Proposed Near-optimal Allocation Rule

The optimal budget for spending categorgf producti in countryk describes an endogenous
relationship where various variables need to ke optimum. To obtain the optimal values
we need to solve the profit maximization problen) 3 (3.3) numerically. The use of
numerical methods, however, has two disadvantdges, it requires to explicitly specify the
sales response function which limits the generhliitg of the solution approach. Second,
marketing managers are reluctant to accept rebolts numerical optimization because they
do not understand how the budget recommendatiodersred. While the optimization
algorithm implicitly evaluates and trades-off fasteuch as marketing effectiveness, growth
potential, or the size of the business, this pretesot transparent for the manager.
Consistent with Little (1970), we believe that slmjpy of the allocation rule is important as
it enables the manager to understand the allocabtrtion. The wide distribution of heuristic
budget rules among companies (see Bigné 1995 adespjite the advances in the analytical
marketing literature seems to support the needifoplicity in allocation methods in practice.
We derive an allocation heuristic directly from ttieoretical solution that produces near-

optimal budgets and is easy to understand for mesag

Sy = M R OKIK Ok, N, 0[01, 9)
ZIDK ZjEI, zmIZINj Wijmt
with W, = ‘gkin,t—l/(r+1_ ykin) [d RV, U Eﬂ (10)

Long-term marketing effectiveness  Profit contribatig®rowth potentia

where

%int - Near-optimal budget for marketing activityand product in countryk and

periodt;

Wi, - Heuristic allocation weight for marketing actwin and produci in countryk
and period;

R . Total budget to be allocated in peripd

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

Ykin : Carryover coefficient of marketing activityfor producti in countryk;

eint-1 . Short-term sales elasticity with respect to picid’'s marketing expenditures on
activity n in countryk and available from last year;

Oy . (Percentage) contribution margin for produict countryk [= (pki-Cxi)/pxil;
RWit1 : Revenue level of productin countryk available from last year (pit-1-Okit1);
and

Lxit . Multiplier to measure the growth potential obgucti in countryk and period.
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The basic idea of the heuristic is to explicitlypriaquations (5) and (6), the true optimum, to
Equations (9) and (10), the heuristic approach.deso by substituting currently available
values for revenues and sales elasticity for tbpirmal values that are only endogenously
determined by solving the equation system iteratiw&/e approximate the growth potential
by a multiplier that divides expected revenues ipears (planning horizon) by the current
revenue level. By this heuristic approach, we asshat products get a greater share of the
total budget as long as they are expected to grmwontrast, when they are expected to turn
into their decline stage their budget is reducadgré&ht values of revenues are available from
last year and the contribution margin is a targgire decided by management. Data for the
carryover coefficient, sales elasticity, and thevwgh multiplier are not readily available but
must be estimated. In our empirical application, specify a parametric response model to
estimate these quantities econometrically. But wte rthat this is not a prerequisite of the
allocation heuristic. The user may adopt other,-parametric approaches to estimate the
required data.
Basically, the proposed heuristic is a simple prtpoal rule that integrates relevant
information from three areas

- the long-term effectiveness of marketing investraémthe focal product,

- the profit contribution of the focal product,

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

well-founded in theory but at the same time easynerstand for practitioners.

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

By definition, the heuristic solution is likely iffer from the optimal solution, but it should
not deviate too much to be useful. Because theisteurule is a contraction mapping on the
theoretical optimum, it exhibits a fixed point pssfy. According to the Banach fixed-point
theorem, an iterative sequence such as (9) andvi€e values are subsequently replaced by
values closer to the fixed point will converge be fixed point, which is in our case the true
optimum (Granas and Gurundji 2003). Note that tméds also under Nash competition
because the Nash equilibrium establishes the fpaedt. The interesting question is how fast
the convergence process is.

To analyze the performance of the heuristic we efoee conducted an experimental

simulation study (for full details see the Web Apg). In this study, we analyze a firm with
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a product portfolio of four productsWe consider two scenarios, a single-firm scenanio a
competitive scenario including a second firm withpartfolio of four products. Sales is
generated by a multiplicative market response fancthe most frequent type of response in
empirical studies (Hanssens, Parsons and Schuliz)20he response function includes an
asymmetric growth function, consistent with Equati{@), and two expenditure categories,
whose stocks evolve according to Equation (2).f&ctors that characterize the products in
the portfolio were experimentally manipulated: ewmtrperiod elasticities, carryover
coefficients, size of the revenue bases, profittrdoution margins, growth parameters, and
launch dates as reflected in the elapsed time® saunch. Each factor has two levels. The
initial condition assumes equally distributed budgacross the two marketing activities and
four products. We use a five year planning horizangd the objective criterion is the
discounted profit over the five years.

Optimal budgets are obtained by numerically solving dynamic optimization problem as
described by Equations (3)-(3.3). To reduce overathputation time, which is especially
high in the competitive scenario, we construct ficient Latin-square design that contains
eight portfolio profiles. Profiles are randomly igg®d to the two competitors. Consistent
with practice, we simulate an annually recurringldpet planning process and investigate 12
planning cycles. We compare the performance ofhigristic with the optimal solution in
terms of (profit) suboptimality and match with thptimally allocated budget (for details, see
the Web Appendix). Figure 2 shows how these twdoperance criteria develop over time
(the number of planning cycles).

Values in Figure 2 represent mean values acros$@lexperimental conditions. If we do not
apply the heuristic rule to improve the initial v@ibudget allocation the deviation from
discounted profits of the optimal solution amout@tsl9.2% on average. This suboptimality
increases to 28.6% after 12 planning cycles (nowshin Figure 2). The match with the
optimal budget allocation is 47.1% and remains adothis level (50% after 12 planning
cycles). As Figure 2 shows, we already achieveaandtic improvement with our heuristic
rule in the first planning cycle (4.3% profit sulbopality and 74.6% match with optimal
budget allocation). Moreover, the rule quickly cerges to the optimal solution when it is
repeatedly used in the following planning cycles9%96 profit suboptimality and 90.7%
match with optimal budget allocation). This resutids under both the single-firm and the

competitive scenario. Hence, the proposed ruleagsgde be a useful allocation heuristic.

2 We also tried larger product portfolios, e.g.,hwéight products. Results do not change but cortipatime
increases exponentially.
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Figure 2. Performance of heuristic rule relative tooptimal solution
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Note: Data points represent averages from 16 experimental situations, 8 under monopoly and 8 under duopoly condition.

3 Background for Implementation in Practice

3.1 Company Background

Together with the management of Bayer, we impleetand adapted the proposed heuristic
to the specifics of Bayer's Primary Care businesi$ in the period 2005-2006 and derived
budget recommendations for 2007. Bayer belongs ht® leading companies in the
pharmaceuticals and chemicals business sectoreoivtrld. As of 2008, the company had
EUR 32.9 billion sales and around 107,000 employBager 2009). Bayer consists of three
major business areas: Bayer HealthCare, Bayer Crep&, and Bayer MaterialScience.
Bayer Healthcare is the largest area in termslessantributing almost 50% to total sales. In
2008, the business area reported EUR 15.4 billogsales positioning Bayer among the top
10 pharmaceutical firms worldwide. Bayer Healthcezadivided into a prescription drug
business (Pharmaceuticals: EUR 10.7 billion) anda drug business (Consumer Health:
EUR 4.7 billion). The prescription drug businesscmmposed of several business units.
Primary Care is the largest unit (EUR 3.1 billiaar)d our focus for implementation of the

allocation heuristic. Three business units, WomeHwsalth, Diagnostic Imaging, and
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Specialized Therapeutics, are rather new to thepamy as they mainly belong to Schering, a
pharmaceutical competitor Bayer acquired in 2006.

3.2 Market Background

The Primary Care business unit of Bayer comprigesqoiption drugs that operate in four
separate competitive market environments or thestapareas, respectively. These drugs treat
diabetes, hypertension, erectile dysfunction, anfectious diseases. The hypertension
segment is the largest one that includes sevebamlaseigories, such as beta blockers, calcium
channel blockers, ACE inhibitors, and All-antagtsisBayer has several offerings in this
segment. With EUR 626 m, the calcium channel blo&dalat is its best-selling drug (Bayer
2009) which has already been in the market sineenid-1970s. Although the drug has lost
patent protection more than 20 years ago and imdamcreasing generic competition it
contributes substantially to sales and profitsh&f Primary Care business unit. Avelox and
Ciprobay are Bayer’s drugs in the Antiinfectivessimess (EUR 445 m and 338 m). While
Avelox is an innovative, young drug under paterdgt@ction, Ciprobay recently lost patent
protection. In the antidiabetes segment, Glucobafso off-patent and generated EUR 304 m
in sales in 2008. All three mentioned therapeuteas represent established areas which are
in their saturation stage. Due to the aging of pefjmn in industrialized societies and
innovative new product introductions they are, hesve expected to continue to grow at
moderate rates in the future. The biggest challdngeBayer in these areas is to keep its
market position. Innovative drugs by other globkyprs are the main competitors for the
Bayer drugs. In contrast, the market for the treginof erectile dysfunction is a new category
that was pioneered by Pfizer with its Viagra bramd 998. Bayer and Eli Lilly followed in
2003 with the introduction of their brands Leviaad Cialis, respectively. Levitra achieved
EUR 341 m in 2008. The market is still growing alwks not face generic competitors yet.

To summarize, the Primary Care business unit ofeBaplds a broad portfolio of drugs that
are at different stages in their life cycle, fa@@ying conditions of competition, and differ in
their contributions to sales/profits.Hence, thellemge for the management was to find a
balance in the allocation of marketing resourced trades off the size of the business, the
growth expectations, and eventually the effectigsnef marketing expenditures. The main
objective was to improve the process and resultarofual budget allocation in order to
maximize discounted profits from the product pditf@ver a planning horizon of five years.
Bayer invests substantial resources in marketind) sales activities. Total marketing and

selling expenditures were EUR 7.1 billioi2(.5% of total sales) in 2008. For confidentiality
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reasons, we cannot report on exact figures foPtimary Care product portfolio. The lion’s
share is spent on detailing targeted at generatipoamers and specialists. Competitors also
spent a significant share of their budget on pharstadetailing. In addition, Bayer invests in
print advertisements, direct mailing activitiesyitations of physicians to symposia, and other
marketing activities. The implementation of theoalition tool is targeted at the five main
European countries which contribute the largestest@total sales. The U.S. market provides
also a substantial portion of sales. However, tageB products are marketed here by licensee

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

4. Data and Model Estimation

4.1 Data

To calibrate the heuristic allocation tool for Bayge need to estimate a number of input
variables. Specifically, we require product-specdata on the short-term sales elasticity of
different types of marketing investments, carryoseefficients, and information to compute
the growth multiplier. For this purpose, we useygars (1996-2006) of quarterly marketing
and sales data at the product level to estimateakeh response model for each product
market. IMS Health, Inc. provided data on unit sateunted in standard units, revenues (all
in EUR), and the date of product launch, which we to obtain order-of-entry and life-cycle
information. We computed prices from revenues and sales. Via their CAM database,
CEGEDIM, S.A. provided information on detailing expmlitures targeted at general
practitioners, specialists, and pharmacists. Initeohd we have information available on
professional journal advertising expenditures (idohg direct mailing), expenditures on
physicians for invitations to symposia, meetingsc. ehereafter denoted as meeting
invitations), and other expenditures (hereafterotieshas OME).

The database covers the four strategic Bayer Pyitare prescription drug businesses
Antidiabetes, Hypertension, Erectile DysfunctiomdaAntiinfectives in five countries,
Germany, France, the UK, Italy, and Spain. Bayenagament helped us to identify the
relevant subcategories and competitors within ¢lerapeutic area by country. Subcategories
vary from 12 for Antiinfectives to one for Erectil®ysfunction. Products vary from 15 for the

Erectile Dysfunction area and 306 for the Hyperi@mgarea (see Table 1).



Table 1. Descriptive statistics

Antidiabetes Hypertension Erectile Antiinfectives
dysfunction
Mean SD Mean SD Mean SD Mean SD
Unit sales in thousand standard units 16,379,674 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 A48 2.01 1.97

Marketing stock variables

Detailing at general practitioners
in thousand EUR

Detailing at specialists in thousand EUR 2,084,068
Detailing at pharmacies in thousand EUR 588,453
Professional journal advertising 149 341
in thousand EUR
Meeting invitations in thousand EUR 730 2,030
Other marketing expenditures in thousand b
EUR

# of countries 5

# of subcategories 6

# of products

# of (F))bservations 104

2,398

22,519 36,566

64,595 87,134

8,803 13,701
1,930 3,039
1)
1,361 3,062
2,558 9,278
5
10
306
7,908

55,026 30,326

14,498 12,771
1)

458 502

3,884 2,481
3,912 4,404

5
1
15
233

44,259 34,930

10,380 11,353

1,766 2,598
165 295
471 837

1)

5
12
100
2,916

Notes:All units and EUR figures are on a quarterly bastse marketing stoc for activity n of drugi in countryk and period is defined asS,,, = Z;zo(l—dm)r Xt » Where

Jtais the quarterly decay rate, specific for eachapeutic ared A, andx measures the marketing expenditures. We used arieathsearch algorithm to estimate the decay
coefficient in a first-stage non-linear regressidizquation (11) that minimizes the residual sursauiares. Due to the complexity of our model, waatonly identify decay
parameters at the level of the therapeutic areth Wétter data, a brand- and marketing-activityefffzeparameter may be obtained. If we did not obsénitial stocks we

imputed the first quarter by dividing the averagarterly expenditures of the first observed yeatheydecay coefficient.

Y Spending category was only rarely used by firms.
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Table 1 also shows mean values and standard dmaafor the variables used in estimation.
The detailing stocks for general practitioners &ighest, followed by the stocks for

specialists. Stocks are computed consistent witlhaBon (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 i@ usually used for a one-time therapy
(see also Tables 2a and 2b). Note that not all etigudx spending categories are equally
utilized across the different markets. For exam@@®&)E for antidiabetes and anitinfective

drugs are rarely used, so that the data is notetabugh for estimating reliable marketing

effects. Prices are highest in the youngest cayegfoe Erectile Dysfunction category. Finally,
we note that sample sizes differ to a great exdemltto the number of brands. The Erectile
Dysfunction category has only been launched in 1888that we have the smallest sample
size here that limits model estimation to some mxt€inally, note that the samples are
unbalanced, i.e. several drugs were launched #feestart of the observation period and a
few drugs left the market during that period. Thwe, observe 25.6 quarters per drugs on

average.

4.2 Specification of Market Response Model
Following Fischer and Albers (2010), we specify aulole-log sales response function for

each therapeutic area. Let sales of drimgcountryk and period be defined as follows:

InOie = Agki + @y IN OP_ sdefy +axiIn sp sdgt+az;In ph sgetra, In spd
+ag; Insmesgg; +ag; In SOME; + 5; In scomp+ B, In pgc+ B3 In - compyc

M -1 11
+ B4 INOEy; + Bsstofi x INETq; + B sty xETy + >, MCTX, (1)
M ~H-1 :
YD iy VS X CTY + 0yt Withuge [ ’\( 0@%) :
where
Okit . Unit sales of drugin countryk and period;
gp_sdet; : Stock of detailing expenditures at general ptiaciers of drug in countryk

and period;
sp_sde§; : Stock of detailing expenditures at specialiftdragi in countryk and period;
ph_sdet; : Stock of detailing expenditures at pharmaci$tdrogi in countryk and period
G
sadwit . Stock of professional journal advertising expanés of drug in countryk
and period;
smeet; : 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 country
k and period;
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Pprcyit : Price of drug in countryk and period;

comprgi; - Average price by drugs competitors in countri and period;
OEy : Order of entry by subcategory of druigp countryk;

stoiit . Stock of drug’s total marketing expenditures in counkrand period;
ETyit : Elapsed time since launch of druig countryk and period;
CTY : Country dummy variable for countky(1 fork =1, O else);
SDh : Seasonal dummy variable for quaitteand period (1/0);

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

v, P : Error terms and error variances;

i . Index for drug that belongs to country-specsft|y;

k =1, 2, ..., ..., 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 marketimerediture stock variableg;
captures the effect of competitive marketing exjemnes which are observable to competitors.
We combine all expenditure types in a cumulativelstvariable. We could have specified a
greater number of more differentiated competitoraldes. Since our interest does not rest on
competitive effects, we save degrees of freedonudigg a composite variable. The same
argument applies for the average competitor ptiee te include in addition to own price.
The sales model does not incorporate a distributastable. Since pharmacies in Europe are
required to list every prescription drug thereasvariation in this variable.

We include interactions of the stock of total mairkg expenditures with elapsed time and the
log of elapsed time to measure an asymmetric grofwtittion that is consistent with
Equation (7). By this specification, we assume thatgrowth parameteesandbare scaled
by the stock wheregh; and 5 measure the two scaling factors and are to bmattd. Note
that the resulting growth parametarandb are drug-specific since they are determined by a
drug's total marketing stock.

Finally, our model incorporates a number of conwariables that have been shown to impact
sales of pharmaceuticals. With order of entry, wetiol for the disadvantage of a late market
entry (e.g. Berndt et al. 1995). Since order ofyeist defined at the subcategory level we may
have more than one pioneer drug in a therapeuti@. &/e account for product quality, brand
equity, and other unobserved time-invariant vagaldby specifying aandom drug-specific
constant foki). Since we include the randomness into the camthti mean function but not
the error term we avoid potenti@ndogeneityissues that arise from the correlation of
unobserved product quality, brand equity, etc. withrketing-mix variables (Fischer and
Albers 2010). Even though we do not model endoggneibudget setting, e.g., allocating
resources to more effective activities as represteby elasticities;.¢,we effectively control
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for it and obtain consistent parameter estimates.agtount for market size differences by
including country dummies. Seasonal dummy varialldgscountry control for seasonal

variation in demand.

4.3 Estimation and Results

4.3.1 Estimation We estimate four models, one for each therapewda. The specification
of the sales model accounts for heterogeneityarctinstant term and marketing effectiveness.

We impose the following heterogeneity structurdlmse parameters:
akiv = C_rv +/1\A.,71ki +/1v!72ki’ Whlth ,71ki /72ki ~N ( O’)‘ and:ov(”]ki ,Z 2ki) =, (12)

wherey, represents an unknown drug-specific parametercedsd with predictor(] [0,6],

a, A, andA, are heterogeneity parameters to be estimated;:arahdy denote variance
components that vary by drug and country. The ietpliariance oty is (A2 +A%). The
variance-covariance matrix fag; is given byz= AA’.

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

4.3.2 Results Tables 2a and 2b show the results of model estimsa Due to confidentiality
reasons, we cannot show individual estimates foyeBaproducts. Reported estimates
therefore reflect market averages. In-sample mbisl very good across all four therapeutic
areas. Pseudo R?2, which is based on the squareslatimm between predicted and observed
values of the criterion variable, ranges from .9@3ypertension) to .973 (Erectile
dysfunction). Since we account for drug heteroggnéi is quite high. In a few cases, a
marketing spending category was used by only a sergll number of firms leading to an
inflation of zero-stock values (e.g., OME for Anéiletes and Antiinfectives). Estimation of
marketing effects was unreliable in such caseshab we excluded this variable from the
model. The relatively low number of 233 observagion the young Erectile Dysfunction
category created collinearity issues for the irdttoms of total marketing stock with the
elapsed-time variables and for the price varialffsce we could not separate the associated
effects we estimated only main effects with respealapsed time since launch and the own
price effect. In addition, we include a dummy vhahafor the pioneer Viagra, because only
two competitors followed in the same quarter areltbmmon order-of-entry variable lacks

variation.



Table 2a.Estimation results for market response maels (Equation 11): Antidiabetes and Hypertension dagories

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) 81.9.021)
Ln(elapsed time since launch) x total .225x10° (.155x10') 897x1CF (.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 §JO .047 (.004) .085 (.003)
Ln(detailing at pharmacies) .035 (.005) .034 ()oo3 .035 (.003) .070 (.003)
Ln(professional journal advertising) .060 (.010) .032  (.006) b
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 significant> .05). Product-specific parameter estimates fogreBarands cannot be shown for confidentiality oeas Effects for country dummies and
seasonal dummies are not shown but can be obthimadhe authors upon request.
Y Spending category was only rarely used by firms.
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Table 2b. Estimation results for market response maels (Equation 11): Erectile dysfunction and Antiirfectives categories
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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 (.626) 2.84 (.315)
Ln(elapsed time since launch) x total .133x10" (.885x10%) 477 (.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 (.088) H
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 PO .080 (.031) 032 (.0285
Ln(detailing at pharmacies) .035 (.004) .021 ()o03 2
Ln(professional journal advertising) .026 (.004) .037 (.003) .079 (.034) .075 (.023)
Ln(meeting invitations) 004 (.008) 011 (.003) 059 (.04%f .080 (.042)
Ln(other marketing expenditures) 2 034 (.014) 032 (.012)
Ln(cumulative competitive marketing -.273 (.014) -.007 (.0085
expenditures)
Log Likelihood -3,851.37 -50.63
Pseudo R? 972 973
# of observations 2,916 233
# of products 100 15

Notes NS = not significant> .05). Product-specific parameter estimates fogreBarands cannot be shown for confidentiality oeas Effects for country dummies and

seasonal dummies are not shown but can be obthimadhe authors upon request.

Y Due to the small number of observations and aatesticollinearity issues we were unable to fit aleidhat includes competitor price and interactiohthe elapsed-time-
since-launch variables with total marketing stotherefore, results do not reflect interactionsroatn effects of elapsed time since launch.

2 Spending category was only rarely used by firms.
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In a double-log model, parameter estimates for etarg-mix variables correspond to
elasticities. These elasticities refer to marketistgck variables and reflect long-term
elasticities with respect to current-period expamess. To obtain short-term elasticities the
stock elasticity needs to be multiplied with theale coefficient. Elasticities for detailing and
other marketing activities vary substantially asrtise different therapeutic areas. In general,
they are highest in the Erectile Dysfunction catggwhich is not surprising as this category
is the youngest category and still in its growttagd Among the detailing elasticities, GP
detailing appears to be more effective than detilit specialists and pharmacists. However,
considering that specialists account only for aeslwd ca. 20% in Antidiabetes and ca. 27% in
Hypertension, segment-specific specialist detaiétagticities are 4-5 times higher. Note, for
the application of our allocation heuristic, théeseaelasticities with respect to total brand sales
as reported in Tables 2a and 2b are relevant.i&téet for professional journal advertising,
meeting invitations and OME are usually consideranhaller than elasticities for detailing at
physicians. Finally, we note that the estimatedaf are within the range of results of recent
studies on pharmaceuticals (e.g., Albers, Manteadd Sridhar 2010; Fischer and Albers
2010).

In terms of control variables, we find significabut inelastic own price effects. For
competitive prices, we find negative cross-effettsis finding is consistent with Fischer and
Albers (2010) who provide an explanation for negaticross-effects. The impact of
competitive marketing expenditures is negative sl therapeutic areas although it is not
always statistically significant. We find a negatiglasticity for order of entry, as expected.
Although not reported in Tables 2a and 2b, seaseffedts are only relevant to Antiinfectives,

which experience a high season in autumn and winter

4.3.2 Model Validation We checked whether our model specification an@nesion is
appropriate for the data in several ways. First,spit the data sets into an estimation and a
holdout sample. For the holdout, we used the faartgrs of the last year of our observation
period. Pseudo R? in the holdout samples ranged {822 (Hypertension) to .972 (Erectile
dysfunction) and were only slightly lower than tbosf the estimation samples. The same
picture emerges with respect to the Mean Absol@sedhtage Error (MAPE) that ranges
from 1.14% (Erectile dysfunction) to 4.24% (Hyped®n) and strongly supports the
predictive validity of our response model. Second,compared the suggested log-log brand
sales model with a linear model, a semi-log moatet| an S-shaped model. The Davidson and
MacKinnon (1981) test for unnested models suggdsts the proposed specification is

superior to the alternative specifications. By addpredicted values from an alternative
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response model to the predictor set of the focatlehothe test checks for the additional
explanatory power of the alternative specificatibmally, we checked whether the residuals
follow an autoregressive process by using theftestommon factors (Greene 2006). We did
not find evidence for it. Note that our sales moaletady incorporates dynamics in terms of

marketing stock variables and the life-cycle fuowti

5 Model Implementation and Impact

In this section, we describe how we implemented ahecation heuristic into a Decision
Support Tool in a spreadsheet environment. Furtherdiscuss 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 integréte proposed allocation heuristic into
an Excel-based software program. Excel is partibukuitable for applications in practice as
it is widely spread and easy to understand (AIR&30). The tool is to assist the management
with providing budget scenarios and their implioas for the development of market shares
and profits over the next five years. Specificathg tool produces a recommendation for the
allocation of the total marketing budget that isddhon data on the effectiveness of marketing
expenditures including carryover and discountinigat, the size of the product's business,
product profitability, and growth expectations (§gations 9 and 10).

The tool applies to Bayer’'s Primary Care producttfpbo and covers expenditures in six
spending categories for 36 products in four thewipeareas and five countries as described
earlier. Hence, at the product-country-activityde\B6 (products) x 6 (spending categories) =
216 allocation decisions are made. It may easilyayelied to other product portfolios that
may be smaller or larger in size. Consistent whik periodicity of the response model
estimation, metrics such as carryover coefficiegtewth multipliers, etc. are defined at the
quarterly level. The same applies to market-sham@é rofit simulations. Based on the
response model (11), the tool demonstrates theangfdudget decisions on sales and profits
by extrapolating the evolution of sales and praditsr the next five years.

The heuristic rule requires to compute an allocatieeight for each marketing spending
category and each drug (see Equation 10). Inpua thalve been obtained either from
econometric analysis or internal records. The pality of input data, especially the
estimated sales elasticities, has been extensiistyissed with different groups of managers

in several workshops (global marketing, market aed® product management, sales
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management, controlling, etc.). Internal recordsvjgted data on the discount rate, the profit
contribution margin, and last year's product reesniEstimation of the sales response model
(11) produced data on the carryover coefficiengrsterm sales elasticities, and the growth
potential multiplier. Computation of the growth potial multiplier, o, is based on the life-

cycle function (7) that is incorporated into (1%pecifically,

- - i1

Elapsed Time since Laungh T+ ~ \
pees "Ime ST exp( B T) (13
Elapsed Time since Laungh

where T is the forecast horizon (20 quarters or 5 yeagspectively), andh and are

Growth potential multiplief g ) =(

estimated growth parameters. Since they depentiemarketing stock we obtain estimated
values from the last period.

Following the needs of management, we extendedotblen two ways. First, we included a

threshold for product budgets. Although our demandlysis did not find evidence for an S-

shaped response that justifies a threshold, maragenequired a threshold because of
internal setup costs that are fixed at the produntt marketing-activity level. Second, we

allowed for manual adjustments to budgets recommerxy the heuristic. By this feature,

management can account for exogenous restrictionbutget setting, e.g., to counter

competitive attacks in a predetermined way. In taidi it enables management to investigate
the effects of budget scenarios on market sharepaoiit as well as on the recommended
budgets for other products and marketing activitfieechnically, the budget for an allocation

unit is exogenously set and subtracted from thal tbudget. The remaining budget is

allocated according to the heuristic.

The Excel-based decision support system offersweedal tool to generate budget allocation

options and analyze these options with respechéd £conomic consequences. The tool is

easy to use and flexible enough to adapt to vargorglitions 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 iresahvaspects.

5.2.1. Providing Structure to the Problem The suggested allocation heuristic provides
structure to a complex decision problem. 216 budigeisions arise from allocating a total

budget across six spending categories for 36 dhagsare marketed in different countries and
therapeutic areas. The market positions of theséuats are quite diverse and determined by

product age and competition. Depending on age a&pdoted changes in the competitive and
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market environment, products offer different growtbtentials. As a first benefit, the
allocation rule provides the required informationsblve the problem. These information fall
into three groups. The first group refers to thieaiveness of marketing expenditures to
build goodwill and impact sales in the long rungigbrun elasticity and discounted carryover).
The second group includes information on a proguabntribution to profit. This depends on
the contribution margin (price minus marginal casf)well as the size of the revenue base.
The third group emphasizes the growth expectatainthe product. It uses 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 deansiat 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. Implicatiofi®m this rule are straightforward. (1)
Products that generate more incremental salesth@tsame budget should get a larger slice
of the total budget. Of course, relative incremesédes tend to decline as sales and budgets
increase due to saturation effects. The budget aditiwo products reflects their ratio in terms
of sales elasticity. (2) The same principle of mndnality applies to the size of sales or
profit contribution, respectively. Products witthegher level of profit contribution generate
more financial resources to cover their own markgegxpenditures and contribute more to
overall profits. (3) Marketing should support grogyiand not declining products and shift
resources over the life cycle.

The rule also teaches that the drivers of a proslungtar-optimal budget share interact with
each other, i.e. there exist synergies between.tk@mally, it makes the tradeoffs in budget
allocation transparent. For example, a product Wwitth marketing effectiveness but a low
profit contribution level could get a lower buddgbain a product with a high level of profit
contribution but lower marketing effectiveness. Ewbough that product’s spending is less
effective it may still contribute more to overatofit because of its larger sales base.

5.2.3. Understanding the Limitations of Separate RODAnalysis. Management was initially
very focused on comparing incremental ROIs thatiltefsom raising/decreasing marketing
expenditures for individual products and marketaugivities (hereafter denoted as separate
ROI analysis). Profit calculations with the alldoattool quickly revealed the limitations of
such an analysis. First, separate ROI analysesnfiividual marketing activities do not

consider synergies between marketing activitiest timéeract with each other. Profit
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simulations for several brands, for example, shothatithe ROI of a 10% budget increase in
a specific spending category is negative but tupesitive if the budget increase is

accompanied by a reallocation across the diffespending categories. Hence, the synergy
between marketing activities is only exploited bg wallocation heuristic but not by separate
ROI considerations. Second, separate ROI analysasticonsider the trade-offs that exist
with respect to potential profit improvements byet products and activities. For example,
even though simulated ROIs for a few products wpositive the allocation heuristic

suggested reducing the current budget on theseugiadThe reason is that free budget
resources were transferred to other products wtherencremental return was even higher.
Third, separate ROI analyses do not inform aboet tiagnitude of budget changes for
products and activities, given a fixed total buddéarginal returns analysis teaches that it
should be increased until ROI gets zero. HowevVeathier products’ budgets are also raised it
may exceed the total budget constraint. The aliocdteuristic produces exact results for the

recommended allocation of a fixed budget within step.

5.3 Organizational Impact

The introduction of the allocation tool had a calesable impact on the organization. The
project was part of a larger effort that aimedeatising the organization’s tools and processes
to evaluate marketing initiatives in terms of thimancial implications. This effort had the
full attention of the managing board of Bayer. Betlgecisions are often associated with
several rounds of intensive discussions that folevibottom-up process, i.e. product and
country managers communicate their budget needsthernext year upwards. Budget
discussions in companies are probably never fudg bf politics and individual agendas. The
allocation tool adds an independent, top-down pEtsge. Since it is strictly based on a range
of verifiable input information its recommendatioare fully fact-based. Assumptions about
marketing effectiveness and other drivers may Iseusised. Their implications for budget
allocation are immediately transparent through igappbn of the tool. Because of its
transparency and top-down perspective, the allocatol ameliorates the decision process
that often appears emotional and inefficient.

Although the allocation tool is not the only souresed by Bayer to generate budget options,
it has significantly improved the efficiency andadjty of the decision process. The project
contributed substantially to an organizational $fammation that eventually resulted into the
creation of a completely new marketing intelligencdt called Global Business Support. This

unit supports global marketing management and satdsding the global management board
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with tools, results, and recommendations for a naffieient and effective use of marketing

resources.

5.4 Strategic Impact

Application of the tool initiated an important s&gic discussion within the firm. The results
suggested that some older products which still lroktrong position in sizable markets did
not get sufficient marketing resources anymore. @Hhecation tool showed a substantial
profit improvement potential from shifting more oesces to these older products.

The results also initiated a discussion about #uigets 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 duegdioer frequency of sales calls at specialists
by competitors, effectiveness is lower relative dales calls at general practitioners.
Consequently, the tool proposed to reallocate megsuamong those two target groups. In
addition, the results suggested that the potenfi@ccompanying activities such as meeting

invitations and OME were not fully exploited, yet.

5.5 Financial Impact

The tool enables the user to simulate the finanicrgdact of different budget allocation
options. By analyzing the simulation results, ibydes transparency about the impact of
different assumptions on financial results. Basedh® year 2007, the simulation suggested
an increase in discounted profits of 55% over tleatrfive years due to an optimized
allocation. This is worth of EUR 493 m. In contrashanging the overall budget by 20%
promised a profit impact of less than 5%. Evennifyca small portion of this increase can be
realized, the additional profit for a business wuth as Primary Care with EUR 3 billion
worldwide sales is substantial.

Actual profit improvements are hard to evaluatest-imanagement did not completely follow
the suggested reallocation by the tool for severasons (e.g., varying personal experiences,
concerns about errors in IMS data). Second, a@s/iby competitors and exogenous
influences on market dynamics impact profit resusvertheless, the business area Bayer
HealthCare reports an increase in EBIT of 12% (ER8 m) compared to a 4% revenue
increase for the year 2008 (Bayer 2009). Althoughhave no validation from a field test,
these results are consistent with prior observatitthrat reallocation really focuses on the

bottom-line.
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5.6 Generalizability

Although the tool was applied to prescription drugs emphasize that it is suitable for many
other industries such as consumer durables, conspackaged goods, etc. In all these
markets, rich information is available at the agate product level that allows the calibration
of market response models. But even if data on etiwty effectiveness, carryover, etc. cannot
be estimated with aggregate market response modtisy data and methods including

choice models and managerial experiments are &l@ita generate the required input data
for allocation. In this respect, we are not awdra bmitation to apply the allocation heuristic

in other industries.

6 Conclusions, Limitations, and Future Research

In this paper, we suggest an innovative approadildcate a global marketing budget across
countries, products, and marketing activities. Base the theoretical solution to the dynamic
optimization problem, we derive a simple but conmgresive heuristic that accounts for
dynamics in marketing effects and product growth.sliggests to allocate a budget
proportionally to the size of the business (salesl grofit contribution margin), the
effectiveness of the marketing activities (shortrteslasticity and carryover coefficient), and
the growth potential of the product (growth muigplaccounting for time discounting). A
simulation study demonstrates that the heuristickiyy converges to the optimal solution
under both monopoly and competitive conditions. Timplementation of the heuristic at
Bayer had various significant impacts on the orgation. It revealed substantial profit
improvement potentials by reallocating marketingotgces for the Primary Care business
unit. It also improved the quality and efficiency the budget allocation process and
contributed to organizational change.

Our research has limitations that may stimulateirkitresearch. First, we have analyzed
budget allocation issues under the assumptionspieaific response function which has been
found to best represent the data in this studwolild be interesting to extend the application
to other response functions including differentvgifo functions. 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 numbscenarios extended. It would also be
good to understand which conditions have a critinllence on the performance of the
heuristic. Third, the tool may be extended to cotepuncertainty bounds for recommended
budget and market share and profit simulationss Wauld add a risk-analysis perspective to
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the application. Finally, we note that our resedadks an experimental field test that is hard
to implement in a global portfolio worth of EUR 3llion. Future applications to smaller
portfolios might, however, overcome this limitatiand test the superiority of the suggested
heuristic. Finally, we assume that the overall retirlg budget is set exogenously. Unless the
budget level is optimal, there is still profit ingwement potential. The flat maximum
principle, however, suggests that this potentiaieisy small, provided the budget is set within

a reasonable wide range around the true optimal [@wull et al. 1986).
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Appendix

1 Derivation of Theoretical Allocation Solution for 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 Eqnétics twice differentiable ihandS. Note

that it is sufficient to maximize profit contriboti before marketing cost because these cost
are fixed by the total budget and thus not relevarnhe optimization. Using the state variable
equation (3.2) to substitutei, in the objective function (3), we can write thdldwing
Lagrange objective functional

_ 4s.
L= tT=oe rt {[ZkDKZiDIk( R~ Gi) q(i}+/]( Rk zileanNl%-Fq‘in %”j} di(A.1)

Note that the budget constraint (3.1) has to b#llad in each period, which may entail a
time-varying Lagrange multiplier. A solution recesr solving thel+>" > |N/| Euler-

Lagrange equations, which constitute the first-ombaditions
oF t, Dm,d% A" _dy__ 90 ¢ t,ﬁn,d—%‘ APll=0, (A2a)
aSkin dt d a(d%n/ d) dt

OkOK, iOl,,nON; tO[0;T]

and

oF _
5_0’ otoforT], (A.2D)

whereF (t, Din,dji” ,AD] is the Lagrangean integrand and the star dateicthat variable
values correspond to the optimal solution for thelmting budget. Note that each competitor
has to satisfy these conditions under Nash competifThe required derivatives to solve

(A.2a) are

OF (-6 ) 0% 5
3Sq, e {( i %)a%in Adin (A.3a)
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oF _
- )ent (A.3b)
a(den/ dl)
d oF _
- _=rle™" (A.3c)
dt 9 (dS/ d
Setting (A.3c) equal to (A.3a) yields
(Pki‘%)aqki =A(r+n)- (A.4)
ann
From Equation (1), we obtain
00y _ Ofy g + 0 fi
aS(in a$<in 0 iln
that may be expanded into
oG _ Ofi Sin 1 ,09% Rin 1
= Oki f,. + f Oki
0San 0% G %m 08 B & AS)
Oki
£ +&
( f(Sw) * “d $n) ) Sun
Inserting (A.5) into (A.4) and solving foﬁ%n yields
0 (Pa - Ga) da (gf(sfn) Teyq 54]))
Sdn = : (A.6)
A (r + 5kin)

We multiply both sides of Equation (A.6) withdg, and use the identities

6kinSlEn = )€in_ dﬁin/ d, ykin = 1-0kin, 5f(xkﬂ) Of ¢ f(Se) andeg()%) 5£g( ) to obtain

n

(P — ) i Ei(x) TEo(% )
Xein = b) ““elx) dsg”, (A7)
/](r +1- Vkln)
wheremeasures the carryover coefficient aﬂpl(xi) aﬂ&?ﬂ ahertiéerm) sales

elasticities with respect to marketing expenditures
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Recall that the budget constraint is binding and tw be satisfied in the optimum, i.e.
R=Y" > > .\ %n OtO[0,T]. Since this constraint also applies to the endoer

Sint IS free but only within the constraint. This turtiee problem into a fixed-endpoint
problem and we do not need a general transversaitglition. From (A.7), we obtain the

optimal share of the budget that is allocated toketang activityn of producti in countryk

by

(P~ Ga) % (‘gf(xf) +gg(>€n))
" (r +1- ¥iin) (A.8)

R (p"_q')‘d]g 2 )Ty d
ZIDKZ]DIZmDNj | J(r+(1_f(y):;:) ) AZsz]m ZmIZIN Sjm

1d§” , OkOK,idl, ,nON; tOf or]

which is equivalent to Equation (4).
From the budget constraint, we know that the folfmnlinear restriction must hold

ZkIZIK ZiDIk ZnDNi % -
(P~ ) d (ff(xgn) +€g(>€n))

(r +1- Vin)
222
ZIDK Zjulzmmj(plj _Cﬁ)qi](gf(’ﬁ?m)-l-g )

(r +1= Vipm)

ds;
+AZIDK z][l zmIZIN Jm

TSI 300 - TPt

In a typical product portfollo that includes sevgraoducts of different ages and therefore
different levels of marketing activity stocks, somtocks will increase and others will
decrease from one period to the next because thkebiadget to be allocated is limited. For a
fairly large number of allocations units, which atefined at the country-product-marketing

activity level, gains and losses in stocks tend cancel each other out, so that

> ok i ooy 9San/ A0, with k = 1, .ol K, i = 1, e, o I @ndn = 1,

., N;. As a result, we have
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(P —Ga) di(‘gf(xk“) +‘9g(>§n))

ZkDKZiDIanDNi%ZZkZiZn (41" o) 1,
s sy (=6 ¥ l<v0c) * 0]
_ 0K £}, Z=mN, (r+1_yljm)

and obtain a solution for the optimal budget shibat is very close to (A.8)

XEH - (pki _GKi)(ﬁ(‘gf(kain)+‘gg()§n))/(r+l_ykin) |
DI ZjDIZmDNj(p” —G )qj(‘sf(xﬁm) +‘Sg(>§m))/(r+1_hfm )

Since we also need to satisfy the conditigh =0  thatidlated it ) €g(x,) <O and

(A.9)

‘99(>s§ ) <0, the optimal marketing budget for marketing atgivi of producti in countryk is

given by

o Max{ W, 0}

Y i T, Max im0
(P~ ) d (ff(xsn) e ﬁn))

r+1- Viin

R OkOK, Ok, nON, 00,7
(A.10)

with w. =

which is equivalent to Equation (5).

The solution establishes a global maximum becahselritegrandr {t,sﬁn,dd—s?”,ﬂ} is

concave inS;, andlS, /dt . For a fixed-endpoint problem, Euder-Lagrange Equations

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

2 Parametric Growth Model

Consistent with (6), we consider the following paedric growth model
g (t)=at2e ™, witha , g, p> candO [0,). (A.10)

Equivalence with the Gamma Distribution The p.d.f. of a gamma distributed random

variablet is defined as follows



Dynamic Marketing Budget Allocation across CountriesProducts, and Marketing Activities 35

W

gamm{ } o)

(A.11)

where gand@ are characteristic parameters that define theesbéphe distribution. Let the

a+l

r(a+1)

parametersy, a, andb of (A.9) be defined agr = a=06-1,b=¢q@ Then, it can be

shown that (A.10) results into (A.11).

Properties of Cumulative SalesLet (A.10) measure unit sales. We obtain cumugasiales

over the total lifetime of productby solving the integral

° Ma+1)
CumSales=a; [ t* @' dt=g, E—IM with a;, &, b> 0. (A.12)
0

3+

Let a -h =« measure the distance in growth parameters. fdubstitutingd; for a, —« in
(A.12) and differentiating this expression withpest to the distance yields

dCumsSales_
dw

(a+Dar(a+)(a-w)*" (A.13)

Expression (A.13) is always greater than zero beeall terms are greater than zero. Note
thata -« >0 sinces, bj> 0. Froma -h =« , it follows thas >a.

Hence, cumulative sales increase with the diffezencthe growth parameteasandb. This
result also holds for discounted cumulative salBsscounting (A.10) at rater and

differentiating with respect tay leads to

dCumSales_

da (a+)ar(a+1)(a-w+1)"". (A.14)
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Web Appendix

Experimental Simulation Study

We consider two firms with a product portfolio abuir products that use two different
marketing activities to promote their products. lBéitms wish to maximize the discounted
profits of the portfolio over a planning horizon 6¥e years. The dynamic optimization
problem and its constraints is stated in Equati¢8)s(3.3). Sales are generated by a
multiplicative response function similar to Equatid1). Specifically, leu andv denote the
two competitorss; ands, be the marketing stocks for the two spending categ, andstot
measure the total marketing stock for a produetstot=s; + s,. We then specify salegfor

producti in periodt as follows:
Ghu (£, Su» S StOR, staf) = @y, 0%, D5, O siit 03¢+ M sk 0 @*RInsl)t -y 1y

wherea is a scaling constant; ande, measure own marketing effects,reflects the cross-
effect of competitive marketing,arad, a,, b1, andb, are growth parameters. Marketing stocks
evolve consistent with Equation (2), whereas theagecoefficient may vary across
products.Under monopoly conditions, the compestock variable looses its relevance and is
excluded from Equation W.1.
We analyze the performance of the heuristic (Eguati9 and 10) for firnu by simulating
different monopoly and duopoly scenarios. The ghopdtential multiplierp, of the heuristic
is computed according to Equation (13) with a piagrnorizon of five yearsIgb).
We generate different experimental conditions byimalating the following factors that
characterize product portfolios of the two firms:

- Current-period elasticity of the first marketingigity (1)

- Carryover coefficientsd)

- Size of the revenue basé’\j

- Profit contribution margind)

- Growth parameteraf)

- Launch datesHT)
We define two levels for each factor in the wayttive create a situation of (nearly) equal
data and a situation of strongly varying data exmeducts. The values of the parametgrs

€3, &, b, andb,do not vary since the variation efanda; already captures the variation in
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marketing effectiveness and growth pattern. Tablg displays the chosen values of the

parameters for our simulation.

Table W1. Parameter values to generate different soarios

€1 & A RV D a; ET
Product| Equal| Varied Equal| Varied | Equal| Varied | Equal| Varied | Equal| Varied | Equal| Varied
A 0.33| 050 [0.20| 0.6 | 0.7 |25m|3.0m| 05 | 0.6 |1.10| 1.20 | 10 20
B 0.32 | 0.49 |0.40| 06 | 0.7 |25m|40m| 05 | 04 |1.10| 1.10 | 10 15
C 0.31| 0.12 |0.30| 0.6 | 0.5 |25m|20m| 05 | 0.4 |1.10| 1.00 | 10 2
D 0.30 | 0.11 |0.50| 0.6 | 0.5 |25m|10m| 05 | 0.6 |1.10| 0.95 | 10 5

We set the cross-effect of competitive marketiragists) to -.10 across all products. The
remaining growth parametes, by, andb, are set to .005, .1, and .0001. These parameters
generate a life cycle which peaks in about 11 toy&adrs. The scaling constamtof the
response function is determined endogenously flwenirtitial values of each product in order
to be consistent with the initial sales level.

To reduce overall computation time, we construce#iitient Latin-square design containing
eight portfolio profiles which we assign randomlgr@ss the two firms. Hence, in most
scenarios we have an asymmetric competitive mavikeation. The generated eight profiles

are given in Table W2.

Table W2. Scenario design

Scenario 1 2 3 4 5 6 7 8
&1 Varied Equal Equal Varied Equal Varied Equal Vdrie
0 Equal Equal Varied Equal Equa Varied Varigd Vdrie
RV Varied Equal Varied Equal Varied Varied Equal Hqua
d Varied Equal Varied Varied Equal Equal Varied Hqua
a Equal Equal Varied Varied Varied Equal Equal Vdrie
ET Equal Equal Equal Varied Varieq Varied Varied Hqua

We simulate an annual budget planning process witfive year forecast horizon and
investigate 12 planning cycles. Optimal solutions generated by numerically solving the
constrained dynamic optimization problem in (3)3]3.Specifically, we use an iterative
gradient search algorithm for which we adopt vaglittconvergence criteria. Since we do not
have a closed-form solution, we also numericalljmpate the Nash equilibrium by iteratively
optimizing the marketing mix of one firm while hatg the marketing mix of the competitor
constant. When we apply this method consecutivetybbth competitors, we reach a Nash
equilibrium if none of the competitors can imprate solution.We compute two indices for

measuring the performance of the heuristic. Fivg¢, compare the performance of the
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heuristic in terms of suboptimality (deviations rfrothe discounted profit of the optimal
solution):

Suboptimality :(I'IOp“ma'—I'l he””Stiﬁ) / n optimal o = 1 (W.2)
Second, we compute a metric that measures the roattle heuristic budget allocation with

the optimal budget allocation:

Match with optimal budget allocation%ztszl[z;zs:lmm{ xoptimal )ﬁfrl‘?uristiz} /R] (W.3)

IT is defined in Equation (3) and refers to resultexe budgets are obtained from numerical
optimization or the proposed heuristiG;; denotes the budget for marketing activityof
producti in periodt andR is the total budget.

We assume a naive allocation as initial conditia®, the total budget is equally allocated
across products and marketing activities. We dividese expenditures by the product-
specific decay coefficient to obtain initial stocks

The Tables W3 and W4 display the simulation redoiteach single-firm scenario and each

competitive scenario, respectively.

Table W3. Simulation results for proposed heuristiqsingle-firm scenarios)

Scenario 1 2 3 4 5 6 7 8
Iteration Suboptimality
1 498% | 1.34% | 1.42% | 5.07% | 6.66% | 6.59% | 6.83% | 2.75%
6 130% | 036% | 1.41% | 1.06% | 255% | 3.65% | 1.46% | 255%
12 030% | 0.08% | 048% | 0.14% | 0.50% | 1.68% | 0.30% | 1.61 %
Iteration Match with optimal budget allocation
1 66.62 %| 79.32 % | 83.00 %| 76.23 %| 72.53 % | 62.29 %| 73.77 % | 75.43 %
6 86.06 %| 92.26 %| 90.84 %| 97.38 %| 93.19 % | 81.64 %| 96.72 % | 77.13 %
12 91.37 %| 96.11 %| 90.36 %| 99.26 % | 98.31 %| 91.67 %| 97.76 % | 75.73 %
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Table W4. Simulation results for proposed heuristiqcompetitive scenarios)
Scenario for 1 2 3 4 5 6 7 8
firmu
Scenario for 1 7 4 3 2 6 8 5
firm v
Iteration Suboptimality
1 339% | 081% | 1.73% | 511% | 7.19% | 523% | 6.35% | 2.90%
6 055% | 1.38% | 1.64% | 1.80% | 3.65% | 3.14% | 1.68% | 2.97 %
12 010% | 1.79% | 0.44% | 0.18% | 0.66% | 4.06% | 0.48% | 2.46 %
Iteration Match with optimal budget allocation
1 74.83 % | 84.27 % | 83.64 %| 75.86 %| 74.09 % | 61.13 % | 75.60 % | 75.31 %
6 91.09 % | 81.63 % | 97.62 % | 94.75 % | 93.88 % | 72.45 % | 96.83 % | 81.81 %
12 94.36 % | 81.50 % | 97.42 %| 98.78 % | 98.60 % | 66.92 % | 94.39 % | 77.83 %

Notes Scenarios arebased on the design set of Table W2.

The suboptimality criterion for the proposed hetiziglready improves dramatically over the

naive allocation in the first iteration and devala@ry well over the next iterations (planning

cycles). In most scenarios, the heuristic convexgeg close to the optimal solution when it

is repeatedly used in the following planning cyclékis convergence can also be seen from
the match with the optimal budget, which rapidlysgelose to 100%. The Tables W5 and W6

display the development of the two performanceedatif we apply the naive allocation. It is

obvious that this naive allocation rule producesits that are far away from optimality, and

they deteriorate over time.

Table W5. Simulation results for naive allocationgingle-firm scenarios)

Scenario 1 2 3 4 5 6 7 8
Iteration Suboptimality
1 2253% | 3.45% | 7.25% | 25.77 % | 29.66 % | 23.44% | 32.89% | 7.91%
6 2559 % | 3.53% | 13.28% | 29.11% | 40.53% | 30.50% | 35.14% | 11.21 %
12 25.69% | 3.54% | 1541 % | 29.56 % | 43.81% | 33.47 % | 35.35% | 12.36 %
Iteration Match with optimal budget allocation
1 40.91% | 71.30% | 58.27 % | 39.33% | 25.00 % | 33.57 % | 42.06 % | 64.30 %
6 49.89 % | 78.46 % | 63.78 % | 48.19% | 25.03% | 30.83% | 50.00 % | 72.03 %
12 49.77 % | 78.38 % | 61.52% | 48.90% | 25.25% | 29.75% | 50.00 % | 71.76 %
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Table W6. Simulation results for naive allocation ¢ompetitive scenarios)

Scenario for 1 2 3 4 5 6 7 8
firm u
Scenario for 1 7 4 3 2 6 8 5
firm v
Iteration Suboptimality
1 18.93%| 2.42 % | 10.10 %| 27.33 %| 32.26 %| 20.05 % | 32.58 % | 9.94 %
6 20.59 %| 4.38 % | 20.46 %| 38.59 % | 45.99 % | 26.33 %| 36.98 % | 28.38 %
12 20.71 %| 8.20 % | 26.01 %| 45.19 % | 51.54 % | 28.96 % | 39.37 % | 39.15 %
Iteration Match with optimal budget allocation
1 46.96 % | 77.16 %| 50.50 %| 39.05 %| 25.00 %| 36.97 % | 42.94 % | 59.62 %
6 57.63 %| 70.29 %| 52.20 %| 46.55 %| 25.00 %| 34.86 %| 50.00 % | 64.90 %
12 57.85 %| 58.10 %| 50.76 %| 46.56 % | 25.06 % | 33.50 % | 50.00 % | 63.58 %

Notes Scenarios are based on the design set of Table W2

As a robustness check with respect to the initaddition, we simulated all scenarios again
and assumed that initial budgets are allocated gotiomally to the product’s profit

contribution. This allocation mimics the “percergagf sales” (size of the business) rule,
which seems to be frequently applied in practiae (Bigné 1995 again). The size of the
business is also recognized as an important altoca¢levant information by our proposed
heuristic. The initial condition is therefore mofavorable and the performance indices

improve across the scenarios when we apply ouresigd heuristic.
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Abstract

The marketing budget allocation process is onehefrhost important tasks a manager is
being charged with. As firms in general sell a fobid of products and can choose among
various marketing activities with dynamic impact foture sales, their profit maximization
problem is characterized by high complexity. Foiis tlreason, academics provided
practitioners with various optimization approact®$ind a solution for the budget allocation
problem. But managers still prefer to use simplesuo determine the marketing budget
because they find it difficult to fully understasdphisticated optimization algorithms. So in
summary a huge variety of budgeting approachegsexsevertheless, literature does not
provide a systematic analysis and comparison opérmarmance of these approaches, which
would allow deriving implications about which appoh should be preferred.

We conduct a comprehensive simulation study by yapglseveral allocation rules in a
multitude of different generated scenarios in otdeanalyze and compare their performance
as well as their sensitivity to different changeshe market environment. Specifically, we
compare a naive solution (equal product budgets)yramon practitioner rule (percentage-of-
sales rule), a recently suggested award-winniracation heuristic (Fischer et al. 2011), and
a numerical optimization method. The evaluatiorthef performance of allocation rules is
based on the profit gained by application of thepeetive allocation rule compared to the
optimal solution. In addition, we analyze the stwisy of the different rules by imposing an
estimation error, which affects the parametersitdrest. The authors find that the allocation
rule by Fischer et al. (2011) is best performingl anay even outperform the numerical
optimization in case of estimation error and dyramiormation updating.

1 Introduction

Setting the right marketing budget has been a kegarch problem and a top challenge to
management for a long time. For companies that ebaakportfolio of products and use
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different marketing tactics, it involves findingethoptimal total marketing budget and its
optimal allocation across allocation units suclpglucts. Theoretical and empirical research
(e.g., Fischer et al. 2011; Mantrala, Sinha, antinées 1992) shows that solving the second
problem, the optimal allocation of a marketing belgs much more important. Better
allocation results in profit gains between 40% &30, whereas the optimization of the
overall budget level improves profit only by 3-5%4ntrala, Sinha, and Zoltners 1992; Tull
et al. 1986). Ideally, both problems are solvedusiameously. Theoretically, this can be
achieved but at the cost of higher complexity angdasing restrictions in order to guarantee
the uniqueness of an optimal solution. Practicalgmpanies frequently separate these
problems. Top management usually determines thealbwaarketing budget for the next
fiscal year first. This budget is then allocatedoas country units, products, marketing
activities, etc. (Fischer et al. 2011).

Consequently, academics have developed methods aggutithms to solve complex
allocation problems under a restricted marketingdet (e.g., Doyle and Saunders 1990;
Mantrala 2002). These optimization approaches tunfiately rely often on numerical
optimization techniques so that they are not usgdranagers. In fact, surveys among
managers consistently reveal that they prefer gimaibcation rules such as the percentage-
of-sales rule. But these practitioner rules arepsspd to lead to allocation results that are
rather far from the optimum. Therefore researchtesfato find a way out of this dilemma by
suggesting new heuristics that are derived fronortheand accepted by managers (e.g.,
Fischer et al. 2011). In real-world applicatiortsgde heuristics seem to lead to large profit
gains. However, this performance may be due to gbecific conditions and may not
generalize to other situations.

To summarize, management can choose among sevethbas to solve the important
marketing budget allocation problem. All these roethprobably have their advantages and
disadvantages in terms of optimality, practicalleability, etc. Surprisingly, despite the high
managerial relevance of budget optimization, wadbknow how well the methods perform
relative to each other across varying market amd @éonditions. Given that practitioner rules
and decision heuristics do not guarantee the opswoiation, the question is how close they
come to the optimum. What are the conditions théieénce deviation from optimality most?
Are theoretically derived heuristics really bettdran simple practitioner rules? Since
numerical optimization incorporates demand pararseteich as sales elasticities that are
measured with error, how do these exact methoderperelative to heuristic decision rules?

And how do all these methods perform over time wihey are repeatedly applied?
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Research on allocation rulesThe sparse literature on comparing budgeting cagabres
cannot answer these questions. Tull et al. (1986wshow deviations from the optimal
marketing spending level result in changes of tha’$ profit for different types of response
functions. Their results indicate that the prafibdtion is rather flat so that investment errors
may have only a marginal effect on the firm’s prdfthe investment decision remains within
a range of 25% to the optimal solution. But thegu® only on the total marketing budget
decision and ignore allocation issues. Mantralah&iand Zoltners (1992) address this gap by
analyzing the sensitivity of profit to allocatiorr@rs under different scenarios. They solve the
allocation problem in several market scenarios Wisie characterized by different response
functions by applying a marginal analysis approacid compare the solution with the
outcome of the application of a naive solutionmegual distribution of the marketing budget.
Their analysis shows that the potential for profiprovement is much higher for allocation
decisions than for optimal overall budget levels.phrticular, one can expect increases of
only 2-3% for much larger budgets but up to 40%froetter allocation. But their study is
subject to several limitations. First, they apphjyothe naive solution of an equal distribution
across the product portfolio and the marginal aialgpproach. But other (and more realistic)
budgeting rules are not considered within theidgtisecond, they vary only the type of the
market response function, but ignore for manipatabf other factors which might influence
the performance of allocation approaches as waird] they do not show how strongly the
numerical approach is influenced by estimation reridus, literature does not provide a
systematic analysis of application and performasfdeudget allocation decision rules so that
we are lacking information about the effectivenasg the value of specific rules compared to
other budgeting approaches. A comprehensive urathelisty about the performance of
budget allocation approaches is necessary to dempdications how budgets should be
determined under different conditions.

Contribution We address this research gap by setting up datigruexperiment in which we
analyze the performance of several different budgatules, manipulate all relevant factors,
and further examine the effect of estimation erftve advantage of simulation experiments is
that the true parameter values are known, thedr telation is given and all characteristics of
interest can be fully controlled. As a consequethee optimal solution is known and the
suboptimality of applying the various allocationtheds can be assessed. This is not possible
with real-life data, simply because the real patanseand models are not known (Proppe and
Albers 2009). Our experiment is based on a commshe variation of data conditions in

which we apply four different allocation rules cheterized by different complexity. In
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summary, we consider the naive budgeting approdchnoequal distribution, the most
common practitioner rule to allocate the budgetpprbonal to product sales, the award-
winning allocation heuristic by Fischer, Albers, yvar, and Frie (2011), denoted hereafter as
FAWF, and a numerical optimization solution. Oupesmental design considers dynamic
effects and manipulates all factors and functiansich are incorporated into the dynamic
profit maximization problem. This allows us to derigeneralizable results and to analyze the
impact of several factors on the performance oheddhe considered budgeting methods. As
a further aspect we create more realistic scenampsimposing estimation errors on
unobservable demand parameters. An analysis oBéhsitivity to estimation error gives
insights into how the performance of allocatioresuthanges if their estimated parameters are
exposed to noisiness. In particular, our simulastudy addresses the following four research
questions:
-  How do the budgeting methods perform relative t® ¢ptimal solution? Are they
close to being “optimal™?
- How do the budgeting methods perform over time byebeing subsequently applied?
Do they converge to the optimal solution?
- If the budgeting methods include unobservable deimzarameters that need to be
estimated: How strongly are these methods influghgeestimation errors?
- Which are the most important factors that influertbe performance (and the
convergence properties) of the allocation rules?
We follow prior simulation studies in marketing easch to develop a Monte Carlo design
(e.g., Andrews, Ainslie and Currim 2002; 2008). &ldhat these studies have much in
common with simulation studies in statistics. Thesually analyze the performance of
empirical methods to describe and predict demarth\wer such as brand choice under
different conditions. Typical performance measuags the recoverability of behavioral
parameters and predictive accuracy. In contrast, sbudy shares features of simulation
studies in operations research. The objective gudy the optimality of firm behavior, i.e. to
set the “right” marketing budget, by using differatecision rules. As a consequence, the
deviation from profit maximum and the speed of @nging to that optimum are the relevant
performance measures.
The rest of the paper is organized as follows. W#inue in section 2 by presenting shortly
the dynamic profit maximization problem on which wase our analysis and the four
allocation rules we analyze. Section 3 providesrimftion about the design of the simulation

study. The sections 4 and 5 discuss the resultiseosimulation experiment and identify the
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drivers of the performance (and the convergencparties) of the allocation rules. We close
with limitations and suggestions for future resbarc

2 Analysis background

2.1 Dynamic profit maximization problem

In the following analyses, we consider the realisttenario of a multi-product, multi-country
firm which wishes to maximize the net present vallieof its product portfolio over a
planning periodT, e.g. five years, by effectively allocating theeidl marketing budgeR.
Accordingly, the firm faces the constrained dynamiofit maximization as formulated in
equation (1)-(1.3). Under the assumption of knowrameters we may be able to solve the
profit maximization problem and find the optimal dgets by application of dynamic

numerical optimization methods.

T _
Maxs, T =]_; e {|Zier Wi=c) @QETi+t,8uZ)|— XiesLnen, Xin (dt (1)

Discounting Profit contribution margin Unit sales Marketing expenditures

Discounted net value of product portfolio

subjectto R = Yie; Xnen, Xin» With % =0, (Budget constraint) (1.1)
d:% = —{inSin + Xin, With x;, = 0, (State variable equation) (1.2)
Sin = 0,5:,(0) = Sip0, and S;(T) = Sipr (Boundary conditions) (1.3)

wheret is the time period with planning horizdin The product is denoted lbwith the index
setl. As the firm may sell its product portfolio withe help of various marketing activities,
such as advertising or sales forcedenotes the type of marketing activity or spending
category, respectively, and is the associated index set that may vary acrossupts. The
discount rate is denoted by 0 <r < 0. The absolute profit contribution of products
determined by the profit contribution per unit ahd unit sales. The difference of prigand
marginal cost gives the profit contribution margin. Unit sakpare determined by a function
which is influenced by the elapsed time since laupicthe producET, the marketing stocg,
which is aN;j-dimensional row vector summarizing the activitgsific marketing stocks for
producti and a row vector of other variabl&s(e.g. competitive marketing spending). To
reflect the long-term impact of marketing spenditig, marketing stocks follows a dynamic

process that satisfies the differential equation
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% =—(S5+x,x = 0,and S(0) known (2)

wherex denotes marketing expenditures gnd the depreciation rate of the marketing stock.
Further, we account for life-cycle effects by irdihg a life cycle function into our sales
function, whose growth parameters may be influenlogdmarketing investments. In our
experimental setting we analyze different demand gnowth functions. Finally, marketing

expenditures are the sum of the activity-specifaskating expenditures

2.2 Allocation rules

In our analysis of the performance of allocatiorprapches we focus on four different
allocation rules which are characterized by différdegrees of complexity: We apply a naive
solution of an equal distribution of the budgetoasr the product portfolio and the most
frequently used budgeting rule by practitionerg percentage-of-sales rule (Bigné 1995).
Further, we analyze the performance of methodsatebased on the principle of marginal

returns: a heuristic proposed by FAWF (2011) andraerical optimization algorithm.

2.2.1 Naive allocation: Equal distribution

The most naive approach is an equal distributiosscall products and activities, which
ignores the heterogeneity of the product portfolithe budget allocation is obtained as

follows:
gnaive _ z,:,th'v i€l,neN,te[0,T] (3)
where
xhaive . Marketing budget for producand marketing activity in periodt;

1, 2, ...,N; (number of marketing activities); and
1, 2, ...,I (number of products);
1,2,.

R : Total budget to be allocated in peripd
n

[

t ..,T (number of periods);

2.2.2 Percentage-of-sales rule

According to manager surveys (e.g., Bigné 1995)pireentage-of-sales method is the most
often applied allocation rule in companies. It megs to set the marketing budget as a
specific percentage of the sales level. Accordingtg budget is allocated proportional to

sales across the portfolio, i.e. products witheatgr sales level get a larger proportion of the
marketing budget and vice versa. By assuming tratyzct budgets that are derived from the
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percentage-of-sales rule are allocated equally sacithe two marketing activities, the

allocation solution is given by:

~percent _ 1 RVjt 4 .
X =————R,Viel,neN,te|0,T], 4
int N; ZjeIRVi,t—l t i [ ] ( )

where

xPeree™t: Marketing budget for marketing activityand product in periodt;

int

R : Total budget to be allocated in peripd

RVi+1 : Revenue level of productvailable from last year;
[ =1, 2, ...,l (number of products);

n =1, 2, ...Ni (number of marketing activities); and
t =1, 2, ...,T (number of periods);

2.2.3 Attractiveness allocation heuristic by FAWFZ011)

FAWEF (2011) propose to allocate the budget for dpencategory of producti proportional

to its allocation weighiv:

~FAWF Wint :
. =_—_"int__p vielneN,tel0,T], 5
Xint YjerXmen ; Wjme A n ' [0,7] ®)

with Wipe = €ine1/(r+1—=36) - cm - RVip_q - Pit (6)

Long-term marketing effectiveness Profit contribution ~ Growth potential

where

#FAWE - Marketing budget for marketing activityand product in periodt;

int

Wi - Heuristic allocation weight for marketing activn and product in periodt;

R . Total budget to be allocated in peripd
r . Discount rate (capital cost of firm, strategisimess unit, etc.);
Oin . Carryover coefficient of marketing activityfor producti;

ent1 . Short-term sales elasticity with respect to picidf's marketing expenditures on
activity n available from last year;

cm  : (Percentage) contribution margin for prodiyct

RVi+1 : Revenue level of productvailable from last year;

Lt . Multiplier to measure the growth potential obgucti in periodt;
[ =1, 2, ...,lx(number of products);

n =1, 2, ...,N; (humber of marketing activities); and

t =1, 2, ...,T (number of periods);

This allocation heuristic is directly derived frotine optimality conditions that need to be
satisfied for solving the dynamic optimization perh (for details see FAWF 2011).
Basically, the rule teaches to allocate the totalget according to the relative attractiveness
of an allocation unit, whereas its attractivenasgepresented by the allocation weightFor

this reason, we call this rule an “attractivenelscation heuristic”. The allocation weight
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incorporates information on the profit improvemeatential that results from assigning a
higher budget to the allocation unit. This informat includes the long-term marketing
effectiveness of a product’s marketing activitye froduct’s profit contribution level, and its
growth potential. FAWF (2011) suggest approximatimg growth potentigh by a multiplier
that divides expected product revenues in 5 ygaesifing horizon) by its current revenue
level. In our study, we follow FAWF (2011) by conimg the expected product revenues
based on the parameters of the growth function.eNbat equation (5) reduces to the
percentage-of-sales rule (4) if long-term marketffgctiveness, contribution margins, and
growth potential multipliers are equal for all aé&dion units. For application of the
attractiveness heuristic, cm andRV are usually readily available from internal recrdut

o, & andp must be estimated by econometric models, as am@ga(FAWF 2011). In our
simulation experiment, we also investigate the grarince of the heuristic for parameters

that are estimated with error, which is most likigljoe the common situation in reality.

2.2.4 Numerical optimization method

We employ a numerical optimization routine to obtai unique solution to the dynamic
optimization problem stated in equations (1)-(1B)t this procedure, we need to specify the
demand functiom(ET+t,SZ) and provide parameter values suchrag, c, etc. The big
advantage of numerical optimization is that it gates optimal budgets for the specified
problem. The disadvantages in practical applicaao® however, that we must correctly
specify the demand function and know the paramesdmes. In addition, the black-box
character inhibits acceptance by managers (e.gWHF/&R011, Prendergast, West and Shi
2006). While numerical optimization results are @ superior to those of the attractiveness
heuristic under full information, it is interesting compare the performance of both methods
under more realistic conditions when demand parametre subject to estimation error, e.g.,
marketing elasticities.

We solve our optimization problem by applying timdh@nced Generalized Reduced Gradient
(GRG) 2 algorithm (for further details see Lasdorale 1978) implemented in the Premium
Solver Platform of Frontline Systems. The nonlingatimization algorithm GRG2 iteratively
varies the marketing allocation to maximize totacdunted profits. It stops when the relative
change in the objective is less than the converyémierance for the last five iterations. We
set the convergence tolerance to the value 6f.1The constraints of our maximization
problem are classified as active when they areimitie range of 1¢7 of one of their bounds.



Investigating the Performance of Budget Allocation Huristics: A Monte Carlo Study 9

Since we do not have a closed form solution, we arigally compute the Nash equilibrium
in our competition scenarios by iteratively optimg the marketing mix of one firm while
holding the marketing mix of the competitor constawhen we apply this method
consecutively for both competitors, we reach a Neghilibrium if none of the competitors

can improve its solution. (Fylstra 1998)

3 Experimental Design

3.1Setup of the decision problem

FAWF (2011) investigate the performance of theiggasted attractiveness heuristic in a
small simulation study. They assume a firm using tiypes of marketing activities to
stimulate sales of a product portfolio of four pwots. The firm sets the total marketing
budget at the end of each year. The task is todmdptimal allocation of this budget across
the four products and two activities, i.e. in tosal allocation decision for eight allocation
units has to be made. The discounted profit ovemixt five years is the objective criterion.
Equations (1)-(1.3) formalize the profit maximizatiproblem. The budget planning process
recurs every year. As a result, the firm may rewlbecation decisions based on new market
information that are available for the next budglanning cycle.

We follow the setup of FAWF (2011) to develop ouperimental design. This setup fully
reflects the conditions of a dynamic multi-produetulti-activity allocation problem. We
report on the systematic variation of factors iafiaing the allocation decision and profit
outcome subsequently. Our experimental simulattodys however, differs from the small
simulation study of Fischer et al. (2011) in selémgortant ways: First, we analyze and
compare more than just one budgeting method. Seawmadnclude all parameters which
might have an impact on the performance of thecatlon approaches. FAWF (2011) do not
analyze the type of the demand model, the typeroiin model, and the initial budget
allocation. Third, we create a full factorial desig contrast to FAWF (2011) who use only a
reduced Latin square design of 16 experimental itond producing 192 allocation solutions.
Our full design with more factors creates 512 expental conditions and 5,120 allocation
solutions. Fourth, we impose an error on unobséevdemand parameters which need to be
estimated. This allows us to analyze the sengjtvitthe allocation approaches to estimation
error, which has not been done in FAWF (2011). Bseaof this error it is no longer

guaranteed that numerical optimization producesnm@dt budgets. Fifth, we conduct a
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regression analysis to study the relative impa¢hefvarious factors on the performance (and
the convergence properties) of the four allocatides.

3.2 Data generation without estimation error
We design a Monte Carlo experiment, in which weeexpentally manipulate 9 factors that

can be divided into the following groups:

1. Market response model: multiplicative model @mdified exponential model,

2. Growth model: symmetric or asymmetric growthdion;

3. Product characteristics: equal or unequal vdiethe five characteristics of marketing
elasticities, marketing carryover coefficients, @eue levels, growth parameters,
and launch dates across products;

4. Competitive situation: no competition or Nasimpetition; and

5. Initial budget allocation: equal or proportiotaisales initial allocation across products.

We create a full factorial design. Group 1, 2, & each includes one factor with two levels.
Group 3 includes 5 factors, each with two levels.aresult, we have’2 512 experimental
conditions under which we use the attractivenessistec and numerical optimization to
generate allocation decisions. Recall that theabivge is to maximize discounted profit over
the next five years. Consistent with our setuphefdecision problem, we generate allocation
decisions and the resulting discounted profit &r tonsecutive planning periods. Hence, we
observe 51 10 = 5,120 allocation and profit results that bencompared with the optimal
solution. The observation of the performance ofdkeision rule over ten planning periods
enables us to investigate the convergence propetide rule.

Factor 5 is not meaningful for using the naive #mal percentage-of-sales rules to generate
data. As a result, the number of experimental dardi and total allocation decisions reduces
to 2 = 256 and 256« 10 = 2,560, respectively. Since we assume thatrtteevalues of all
parameters are known, the numerical optimizatiorthote by definition yields the true
optimum. We next explain the factors and their leve

Market response model

Hanssens, Parsons, and Schultz (2001) discussetyvar response functions that have been
used in market research. Note that models, whishras linear or increasing returns to scale,
are not eligible because the optimal budget is permfinity. For the allocation of a fixed

budget, this would lead to meaningless corner swist We therefore choose functional types

that experience diminishing returns for higher Isvef spending. Specifically, we use the
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multiplicative model and a modified exponential rmbdro keep notation low, we do not use
indices for the factor levels. Unit salgsfor producti in equation (1) are specified for the

multiplicative model as follows:

Qe = @i Syt S32 - g (BT + £,S)f (Z) (72)
where g is a scaling constant, ard; and b,; are sales response parameters that determine
marketing responsivenesg()/ represents the growth function ari(Z;) represents the
influence of other variables summarized in the me@. We discuss these variables and
relations subsequently. Sales elasticities, whiagh meed as input for the attractiveness
heuristic, are equal to the power coefficients. eNibiat they already measure the long-term
impact of marketing expenditures. To obtain shentrt effects, we need to multiply them
with (1-4), the carryover information from the differentedquation (2). We use this equation
to compute the marketing sto€&The scaling constamt is computed in the starting solution
of our simulation experiment when the sales level all other parameters of equation (7a)
are known.

We choose the multiplicative response model becausdy far the most frequent aggregate
response model type in empirical research. It sholwsinishing returns for response
parameters between 0 and 1 and accommodates trdaraffects among marketing activities.
However, this specification has its limitations.aksumes constant elasticities and does not
accommodate a saturation level for sales.

The modified exponential model allows for theseeetlf and has seen several empirical

applications to marketing spending models (Hansgeasons, and Schultz 2001):

Qie = M;[1 — exp(byi/S1; + byin[S2:)|9(ET; + t,S)f (Z) (7b)

where M; is the market potential for productand other terms are defined as earlier. The
square root of the marketing stock avoids cornéutiems, i.e. an allocation solution where
the budget is fully invested in only one of the tmarketing activities.

To guarantee comparability with the response patenmef the multiplicative function we
estimate theb parameters of the modified exponential functiorthwsimulated data for
marketing input and sales output generated by thi@phcative function with the respective
elasticity values. More specifically, we first geae several auxiliary simulated scenarios of
different marketing input and estimate the corresiony sales output based on the
multiplicative model. Subsequently, we integrate tharketing input and the corresponding
sales output into the modified exponential functfion which we assume that the market
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potential equates to a third of the actual sakeslldhis allows us to compute the transformed

term of equation (7dn(1 — qi/M_) for each of our generated auxiliary simulated ades
l

which we regress on the corresponding square afatfise marketing stockng_li and,/S,;.

This provides us with the response paramédi@s a result of this auxiliary regression.
Growth model

The growth model describes the life cycle of a padResearch (e.g., Fischer, Leeflang, and
Verhoef 2010) shows that marketing investments hheepower to significantly shape the
life cycle, i.e., the growth potential of a new guot. Fischer, Leeflang, and Verhoef (2010)
discuss several parametric growth functions anderdiftiate between symmetric and
asymmetric life cycles. We adopt a symmetric mo¢blli and Cook 1969) and an
asymmetric model (Brockhoff 1967). Both specifioas are highly flexible and allow
capturing a multitude of different shapes and treesent most forms of growth patterns

observed in empirical studies:
(symmetric life cycle) glET; + t,S] = A(S) - (ET; + t) + n(S) - (ET; + t)? (8a)
(asymmetric life cycle)  g[ET; + t,S] = (ET; + t)*® - exp[n(S) - (ET; + t)?] (8b)

whered andyu are the growth parameters which determine the sbige life cycle in terms

of their time-to-peak as well as their height-t@akeFollowing FAWF the growth parameters
/2 andy are influenced by the marketing stock according () = 4, + 0.005 - In(S), and
1n(S) = ny + 0.00005 - In(S), with the basic growth parametelg andr,, respectively.
Assuming the same growth parameter values acr@sswb specifications (8a) and (8b)
yields different results for the time-to-peak aredght-of-peak. However, we do not want to
vary the length of the growth phase and the levetades at this point. We include this
variation under product characteristics. Instead,want to vary the shape pattern here. For
this reason, we rescale parameters in the symmmeiitel so that it yields the time- and

height-to-peak sales as in the asymmetric model.

! The values of 0.005 and 0.00005 which reflectsitifieence of marketing stocks on growth paramesees
chosen in order to generate a significant effeanafketing on the shape of the life cycle, but kirty do not
create illegitimate life cycle effects, e.g. negatvalues generated kg(.) in case of the symmetric growth
function.
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Product characteristics

Table 1 shows the values for the demand paramatersiow they vary across products in the
experimental conditions. There are five factors Wdrich we create a situation of equal
parameter values or unequal parameter values agmustucts. Considering the profit

maximization problem of (1)-(1.3), one could thiok varying the discount rate, the profit

contribution margin, the number of products, areltimber of marketing activities. We did
not vary these parameters because they do not alenerew insights but increase
computational burden. Firms usually do not useedifit discount rates for products in the
same portfolio. Because profit margins just scaeenues downwards or upwards, their
variation does not add explication beyond varyimg rievenue level, which we do. Simulation
runs with larger product portfolios and more marigtactivities did not reveal significant

differences compared to the results obtained franfiom setting.

Factor sales elasticityWwWe assume two marketing activities for each prodiat could be
sales force and advertising, for example. Motivdigdneta-analyses we choose an average
elasticity of about 0.3 for sales force (Albers,rittala and Sridhar 2009) and of about 0.15
for advertising (Sethuraman, Tellis and Briesch 20Lodish et al. 1995). To reduce
computational burden we vary only the sales folestieity while keeping the advertising
elasticity constant as this satisfies heterogermitpss marketing responsiveness. Based on
the chosen elasticity values in Table 1, we detingeresponse parameters for the response
models (see equation (7a) and (7b)). For model {fi@)response parametdrs and b,
correspond to the elasticities. For model (7b) fiwe response parameters that are consistent
with the elasticity estimates and the initial saéael, as described above.

Factor carryover coefficientFollowing equation (2) we assume a long-term inpaic
marketing investments so that we need the carryowefficienté to compute the marketing
stock S. We set the carryover coefficient to 0.5 in thenlegeneity scenario, which is the
generalized value found in meta-analyses (Leon&;196thuraman, Tellis and Briesch 2011)
and vary these values between 0.4 and 0.6 fordlexdgeneity scenarios. Larger carryovers
are unrealistic for annual data and resulted intdblems that a unique solution often was not
found with numerical optimization. Smaller valugs &ss interesting because they take out

the dynamics, which we want to analyze.



Table 1. Variation of product cahracteristics

Elasticity of Elasticity Carryover Sales level g | Growth paramete Growth Elapsed time sinc
activity 1 of activity 2| coefficient §) in t=0 Ao parametem, launch (ET)
Product| Equal | Unequa Equal | Unequal Equal | Unequal Equal | Unequal Equal | Unequa
A 0.33 0.50 0.15 0.5 0.6 25m | 3.0m 1.10 0.95 -0.1/-0.05 3 1
B 0.32 0.49 0.15 0.5 0.4 25m | 40m 1.10 1.00 -0.1/-0.05 3 2
C 0.31 0.12 0.15 0.5 0.4 25m | 20m 1.10 1.10 -0.1/-0.05 3 3
D 0.30 0.11 0.15 0.5 0.6 25m | 1.0m 1.10 1.20 -0.1/-0.05 3 4
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Factor revenue levelThe sales level of the produgt defines how much sales of the
corresponding product are generated in the stap@mipd. While the sales level is constantly
2.5m across the portfolio for the homogeneous caseyary it from 1m to 4m for the

heterogeneous scenario.

Factor growth parameterfor life cycles, we follow Fischer, Leeflang ané@rioef (2010)
who find that their products reach the peak afigpreximately 11 years and ends after
approximately 25 years. From this information, vegive the parameters for the asymmetric
growth model in the homogenous cagg= 1.1 andny,= -0.1. The parametey, in the
symmetric model assumes a value of -0.05 to yieéddame time-to-peak sales. Again, to
reduce computational burden, we just vary the dnopdarametei, as this is sufficient to

model heterogeneous life cycles.

Factor launch timeFinally, we assume that our simulation startstfie@ homogenous case in
year three after product launch and we vary thpseld time since launch from one to four
years across the portfolio in the heterogeneous. &&e are limited by year 4 to avoid that the

life cycle ends within the simulation time in thase of the symmetric function.
Competitive situation

We test the sensitivity to competitive actions bysidering two different scenarios. First, we
assume a monopoly situation with just one firm.dec we assume Nash competition and
simulate the dynamic game for two firms with a fmi® of four products and two marketing
activities. Both firms face the same profit maxiatian problem (1)-(1.3). Each product has a
direct competitive product in the portfolio of tlweher firm. One firm is exposed to all
possible combinations of experimental factors. \Wedomly assign experimental conditions
to the competitor firm. Trying all possible combiioas across the two competitors yields up
to 65,536 experimental conditions and 655,360 praifnulations depending on the rule,
which increases computation time extensively withggnerating substantial new insights.

To represent the competitive effects in the satepanse functions (7a) and (7b), we specify
the respective market response function as follows:

by |
1it

by;
2it

Qi = a; S+ SY2 . SCU (BT, + £,5) - £(Z)) (9a)

Qie = M;[1 — exp(byi/S1; + bain/Sai + bein/Sci) |9 (ET: + £, S)f(Z)) (9b)
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with the total marketing stoc&:; of the competitive product of produictnd the parameter
bci that determine responsiveness to competitive markef producti. We set the cross-
effect of competitive marketing stock elasticity to -.10 across all products (e.g.,

Chintagunta and Desiraju 2005).
Initial budget allocation

We need to make an assumption about the allocatidhe total marketing budget at the
beginning of the first decision cycle. This initis the marketing stocks across the various
products and activities. We assume that firms fadid either the naive rule or the percentage-
of-sales rule to set their marketing budgets poahe start of the simulation experiment. We
divide these marketing budgets by the product-§igecarryover coefficient to compute the
initial marketing stocks.

Since it does not make sense to assume the firmgelsathe initial allocation rule, we only
vary the initial budget allocation for the attraetness heuristic and the numerical
optimization but not for the naive and the percgexaf-sales allocation rules.

3.3Data generation with estimation error

The assumption that managers know the true valtiemabservable demand parameters is
probably a very unrealistic assumption. For thaisom, we impose an estimation error on
demand parameters and generate data under alkpgBiraental conditions again.
Specifically, we impose an error on the respongamaters for the two marketing activities
b; andb, and on the growth parametédrands. We do not assume an error for the carryover
coefficient because that coefficient just scalesrtsterm responsiveness to long-term
responsiveness adding no additional insight buesse computational complexity.

The simulation error is randomly generated for gaalameter by drawing a number from a
symmetric triangular distribution with the lowemit of -25 % of the parameter value and an
upper limit of +25 % of the parameter value. A ramyf 25% is larger than the standard
deviation for generalized effects found in metakgses (e.g., Albers, Mantrala and Sridhar
2008; Sethuraman, Tellis and Briesch 2011). Spedifi, the estimated parameters are
obtained by:

pep = Mrp +&, & ~T(=0.25urp, 0.25urp) (10)

whereugp is the estimated parameter valug; the true parameter value, afids the error
term. We use the triangular distribution to avoid thahsense values (e.g., negative response

parameters) are generated that may happen withrnegtvalue distributions.
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To reduce overall computation time we use the tegln of common random numbers
(Kleijnen and Groenendaal 1992). This techniquevidely used in simulation literature. It
consists of using the same set of random numbarsalfosimulation runs within one
replication. This guarantees that all variationsthe simulation outcome are only due to
desired changes in the experimental variables astddoe to random changes in the
simulation environment. The random numbers only\aaross replications. We generate a
total of three replications of the random data.sThumber is consistent with previous
simulation studies (Vriens, Wedel and Wilms 1996)dfews, Ainslie and Currim 2008;
Proppe and Albers 2009).

Because the naive and the percentage-of-sales dadesot use unobservable demand
parameters, no new data are generated for thedeodsetThe numerical method, however,
does not automatically provide the optimal solutaanif true parameter values are known. It

Is interesting to see how this method performdiraddo the attractiveness heuristic rule.

3.4 Measure of Performance

The key single objective is profit maximization.uly our performance measure is defined by
the extent to which discounted profits under a gigeallocation rule differ from the profit

generated with the true optimal allocation:

Dev_l'[t — (Htoptimal _ Htrule)/ntoptimal (11)

optimal

where/7 is the discounted profit generated with the optialget allocation and7 "'

is the discounted profit that results from buddletcation according to a specific rule.

Recall that we apply numerical optimization witbdrdemand parameters to compute profits
for the optimum. Our performance measure is inddX¥etlbecause we simulate an annually
recurring budget planning process. For the firahping cycle, discounted profit is obtained
from years 1-5, for the second cycle from years eté

We expect the naive solution to show the worst goerénce results as it ignores the
heterogeneity of the product portfolio. Percentafieales allocates the budget according to
the sales output of products and therefore is fmgh@ositively correlated with the optimal
solution. For this reason, the rule is expectedowtperform the naive solution. FAWF
additionally utilizes information about marketingsponsiveness and product’'s growth
potential which is supposed to improve the allasatsolution further. Finally, numerical
optimization provides optimal budgets. The expecpmiformance may change due to

inclusion of estimation error. FAWF bases its budghocation on some unobservable
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demand parameters which have to be estimated,andrical optimization even utilizes only
unobservable demand parameters so that noisingssrameters is supposed to reduce their

performance.

4 Results

Results of our simulation experiment are summarine@iable 2 and 3. We show means of
the deviation from maximum profit for each allocatirule and each of the ten consecutive
planning cycles. The results are presented sepafatehe type of competition, monopoly or

Nash competition. All other simulation factors vawithin these scenarios. Table 2 includes
results under the assumption that true demand @deasnare known. Table 3 shows the

results for simulations with noisy demand paranseter

4.1. Performance of rules for demand parameters whiout error

The overall means give an overview of how the allmn rules perform on average in terms
of their deviation from maximum profit. By defiroi, the numerical optimization performs
best as it determines the maximum profit. The seécbest results are provided by the
attractiveness heuristic of FAWF which deviatesdnyy .64% from maximum profit, on
average (under Nash competition .68%), followedthny percentage-of-sales rule (10.3%,
resprectively, 8.7% under Nash competition), arel nlive solution (20.7%, respectively,
22.0% under Nash competition). On average, pergert&sales outperforms the naive
solution in the monopoly scenarios by factor 2 @mNash competition even by factor 2.5).
The attractiveness heuristic outperforms in the opoty scenarios the naive solution even by
a factor of 32.4 (under Nash competition 32.2), petcentage-of-sales still by factor 16.1
(under Nash competition 12.8).

Analyzing the performance over time, the attractess heuristic even provides in the first
planning cycle of our simulation experiment clogeptimum results with a deviation of less
than 2% on average. When repeatedly using the dtieuthe allocation solutions quickly
converge to the optimal solution which is in linghathe Banach fixed-point theorem as the
allocation is subsequently replaced by allocaticloser to the fixed point, the true optimum
(Granas and Gurundji 2003)These results also hold for the Nash competita@marios, but

the rule performs slightly less optimal in the ffipganning cycle and the convergence process

2 To test whether the observed convergence prodeBAWF is only the result of a better adaptabilitythe
later stages of the product life cycle, we condbetsimulation experiment again in a static makietgnoring
all product life cycle effects. As expected, thiv@dtion rule performs even better in this statarket. Results
are not shown but are available from the authors.
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is slower. Solutions provided by percentage-ofsal® also improving over time because the
rule incorporates parts of the solution structunel aepresents a special case of FAWF.
Contrary, the naive allocation is a static ruld th@es not process new information over time
to adapt the allocation in future planning cyclese performance even decreases after being
subsequently applied.

The informational value from average performancenlpers is limited as it is not shown how
the rules perform in extreme scenarios. Therefdedle 2 and 3 also show the maximum
deviation from optimal profit overall and in thestglanning cycle. The maximum deviation
from the profit optimum for the attractiveness hstic across all 5,120 applications is only
5.72%. Due to its convergence to the optimum owee tit even reduces to only 1.15% in the
10th planning cycle. In contrast, the maximum diesmafor the percentage-of-sales rule is
21.91%. It improves only slightly over time to 1998. Finally, the naive solution even shows
a maximum deviation of 44.38% overall and in th& [alanning cycle. All of these extreme
scenarios are characterized by heterogeneity apeyameters. While FAWF shows the worst
performance results for a modified exponential oese function, a symmetric growth
function, and Nash competition, percentage-of-sgbesforms worst for a modified
exponential response function, a symmetric growthction, and no competition, and the
naive solution provides worst solutions in caseaomultiplicative response function, a
symmetric growth function, and no competition.

These results demonstrate a remarkable robustriesise oattractiveness heuristic under
extreme scenarios. The overall standard deviat@®ss show that the profit deviations are
much less varying across scenarios if the attraségs heuristic is applied compared to the
other rules. This provides evidence that FAWF ig/vebust.

4.2. Performance of rules for demand parameters wliterror

In this section we impose error on the marketirgpoasiveness parameters and the growth
parameters. We only compare the performance of attv@ctiveness heuristic with the
numerical optimization. Simulation results of thaiwe solution and percentage-of-sales do
not change because the rules do not make uses# fagameters.

Interestingly, numerical optimization performs werthan the attractiveness heuristic (see
Table 3). This holds both under monopoly and Nasmpetition. It seems that numerical
optimization is more sensitive to error in demaralameters than the heuristic. While the

attractiveness heuristic also relies on noisy patars to obtain the allocation solution, it



Table 2. Deviation from optimal profit means by rule and type of competition assuming no error in demal parameters

Numerical Optimization

Naive rule Percentage-of-sales rule Attractiveness heuristic method
Monopoly Nash Monopoly Nash Monopoly Nash Mongpo Nash
Planning cycle
1st .18501 .19378 11252 .10620 .01950 .02008 - -
2nd 19564 .20927 11136 10123 .01417 .01562 - -
3rd .20134 21414 .10762 .09442 .00937 .01048 - -
4th .20523 21723 .10423 .08886 .00610 .00688 - -
5th .20837 .22057 10175 .08486 .00409 .00456 - -
6th 21120 22351 .10009 .08212 .00291 .00318 - -
7th .21398 .22653 .09906 .08028 .00227 .00225 - -
8th .21670 .22969 .09847 .07906 .00194 .00197 - -
9h .21949 .23306 .09817 .07828 .00181 .00174 - -
10th 22255 23674 .09809 .07781 .00180 .00165 - -
Overall mean .20706 .22045 .10313 .08731 .00640 .00684 - -
Overall median 21171 21614 .09831 .09635 .00360 .00346 - -
Overall Std. Dev. 10179 .09284 .05371 .04264 .00809 .00875 - -
Overall Min. .02937 .04552 .02937 .01875 .00000 .00000 - -
Overall Max. 44381 40020 .21910 .18682 .05113 .05727 - -
Max. for 10th planning cycle 44381 40020 .19810 .13304 .01070 .01158 - -

% The deviation from maximum profit is per definitiaero for the solution of the numerical optimipatas it determines the optimal solution.
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Table 3. Deviation from optimal profit means by rule and type of competition assuming error in demangarameters

Numerical Optimization

Naive rule Percentage-of-sales rule Attractiveness heuristic method
Monopoly Nash Monopoly Nash Monopoly Nash Mongpo Nash
Planning cycle
1st .18501 .19378 11252 .10620 .02116 .02960 .02612 .03118
2nd 19564 .20927 11136 10123 .01561 .01887 .02744 .03085
3rd .20134 21414 .10762 .09442 .01094 .01308 .02785 .03086
4th .20523 21723 .10423 .08886 .00785 .00931 .02789 .03046
5th .20837 .22057 10175 .08486 .00596 .00707 .02870 .03069
6th 21120 22351 .10009 .08212 .00485 .00580 .02918 .03101
7th .21398 .22653 .09906 .08028 .00421 .00513 .03041 .03138
8th .21670 .22969 .09847 .07906 .00387 .00479 .03070 .03188
9h .21949 .23306 .09817 .07828 .00371 .00467 .03169 .03263
10th 22255 23674 .09809 .07781 .00367 .00467 .03281 .03382
Overall mean .20706 .22045 .10313 .08731 .00818 .01029 .02932 .03148
Overall median 21171 21614 .09831 .09635 .00634 .00627 .01582 .01363
Overall Std. Dev. 10179 .09284 .05371 .04264 .00935 .00960 .04073 .03517
Overall Min. .02937 .04552 .02937 .01875 .00026 .00022 .00000 .00000
Overall Max. 44381 40020 .21910 .18682 .06397 .07970 . 24645 .26181
Max. for 10th planning cycle 44381 40020 .19810 .13304 .01257 .01756 .24645 .26181
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incorporates feedback from the market in subsegpenbds in terms of actually realized

product sales. This information goes directly itite allocation weight and it also contributes
to update elasticity and growth multiplier estinsai@ee again equation 6). The negative
influence of noise in demand parameters is competida a certain extent by this feedback
mechanism. In contrast, the numerical optimizatimutine has no built-in feedback

mechanism but relies on the noisy parameters. Tier eseems to propagate across
subsequent planning periods.

On average, the attractiveness heuristic providdstisns which outperform those of the

numerical optimization method by a factor of 3.58®der Nash competition by a factor of

3.05). This is a significant performance differerloetween numerical optimization and

FAWF. The maximum deviation from the profit optimuior the attractiveness heuristic

across all scenarios is 7.97% and decreases taloféo in the 10th planning cycle. For the
numerical optimization method the maximum deviatien26.18% overall and in the last

planning cycle. This is even larger than for thecprtage-of-sales rule (21.91% overall and
19.81% for the last planning cycle). The perforneame the 10th planning cycle by the

attractiveness heuristic under the extreme scemariperforms numerical optimization by a

factor of 14.9. The lower standard deviation of/®dersus 4.07% for numerical optimization

(.96% versus 3.53% under Nash competition, resgygjistrongly underlines the robustness

of the heuristic.

5 Influence of experimental conditions on the perfonance of rules
We now report on the performance of the rules udd&rent experimental conditions.

5.1 Expected effects

The product characteristics vary in terms of thgrede of heterogeneity across the product
portfolio. We expect for the naive solution, thegemtage-of-sales rule, and the attractiveness
heuristic to provide superior solutions for a mbognogeneous product portfolio. In case of a
homogeneous portfolio the profit maximizing budg#bcation is more equally distributed
across the products. Therefore the naive solutibichwproposes to allocate the budget
equally across the portfolio is closer to the oplirsolution in case of a homogeneous
scenario. Percentage-of-sales utilizes the infaomabf the sales level of products. So
differences in the sales base across the porthfoéadirectly reflected in the proposed budget
allocation and therefore are supposed to have fectadn the performance of percentage-of-
sales. But information about differences in othactdrs is not considered and therefore
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cannot be captured by the percentage-of-sales $ulave expect that percentage-of-sales is
not affected by heterogeneity in the sales leva,i® negatively affected by heterogeneity in
one of the other product characteristic factors.sAswn in equation (6) the attractiveness
heuristic takes all of the product characteristgartly indirectly, into account which may
decrease the influence of portfolio heterogeneityhe heuristic performance. For this reason,
we do not hypothesize on any effect of product attaristics on the attractiveness heuristic
and leave it as an issue to be estimated in thidystContrary, numerical optimization is
supposed to provide better results for a more bgégreous product portfolio. The reason is
that the profit maximizing budget allocation is mdikely to be a corner solution if the
portfolio is characterized by strong heterogenefg. in spite of noisy demand parameters
numerical optimization is more likely to stay inighcorner solution and therefore is less
affected by estimation error.

The asymmetric and the symmetric growth functidype are equal in terms of height-to-
peak and time-to-peak but vary in their shape. $hemetric function is flatter when
approaching the maximum of the function, while #symmetric function becomes flatter in
the extensions of the function. As our simulati@periment generally starts after the product
launch phasé products are less exposed to differences in lifelec effects during the
simulation experiment in case of the symmetric fiom; i.e. the product portfolio is more
likely to stay homogeneous during the experiment. this reason, the naive solution which
benefits from a more homogeneous portfolio is etqubto provide superior solutions in case
of the symmetric growth function. Similarly, pertege-of-sales and the attractiveness
heuristic are supposed to provide superior solatiarcase of the symmetric growth function
because they utilize information from the previgesiod so that they benefit from smaller
changes in life cycle effects. We are not able iedjot the effect on the performance of
numerical optimization.

Due to our model specification, the sales outcosniess affected by estimation error in the
demand parameters in case of the modified expalefuinction within the range of our
simulation experiment. For this reason, we exphet iumerical optimization to perform
better in scenarios characterized by a modified oegptial function. Similarly, the
attractiveness heuristic may provide superior tesil case of the modified exponential
function in all scenarios which include an estirmaterror. But as we are not able to predict
the effect of the type of the market response magelcifications on the attractiveness

heuristic if we assume known parameters we do yobthesize on the effect of the response

* The average of elapsed time since launch is ahoes years (see section 3).
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model specification in general. Thereby, we may aist predict the effect on the naive
solution and percentage-of-sales.

Nash competition is expected to have a negativecefbn the performance of the naive
solution, the percentage-of-sales rule, and thediveness heuristic because competitive
activities complicate the allocation decision bydiad further factors which have to be
captured by an allocation rule. But we are not ablpredict the effect of competition on the
performance of numerical optimization.

The initial allocation of the attractiveness heticigind the numerical optimization approach
can be determined by equal distribution or peragta-sales. We expect that percentage-of-
sales as initial budget allocation provides supestdutions on average because the marketing
stocks in the first planning cycles are probablysel to the optimal state so that both rules
benefit from superior initial marketing stocks.

The factor of estimation error is only experimelytahanipulated for the attractiveness
heuristic. The heuristic is a contraction mappinglte theoretical optimum and subsequently
approaches to the profit maximum by utilizing inf@ation about unobservable demand
parameters and the sales outcome. If the utilizedashd parameters are exposed to noisiness
due to estimation error the rule may not directhynpto the true optimum which deteriorates
the performance results.

Finally, we expect different effects across theesutlue to the factor of time, i.e. how the
performance of the rules changes over time if tlegg subsequently applied. The
attractiveness heuristic is an iterative sequenbergvvalues are subsequently replaced by
values closer to the fixed point. It will converggethe fixed point after being subsequently
applied, which is in our case the profit maximuma@s and Gurundji 2003). So we expect
that the attractiveness heuristic converges tmftienal solution over time and therefore time
has a positive impact on the performance. Similapgrcentage-of-sales utilizes the
information of sales outcome and thereby moves nuréhe total budget to the more
profitable products of the portfolio over time,.iteane is expected to have a positive effect.
Contrary, the performance of the naive solutioexpected to decrease over time because it
stays with the initial allocation and is not abteréduce the share of its suboptimal allocated
marketing stocks, unlike all other rules, includihg optimal solution. Finally, we predict a
negative impact of time on the performance of nucaéroptimization because the true
optimal solution is able to build down the subogtirmitial marketing stock over time, while
the numerical optimization approach is based osynparameters and therefore is expected to

replace the suboptimal initial marketing stock bpther suboptimal marketing stock.
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5.2 Descriptive analysis

Table 4 shows the deviation from optimal profit medy rule and experimental condition.
As expected, the naive solution shows superioropmdnce results for a homogeneous
parameter set, only the difference between the tmeans of carryover coefficients is
insignificant. Further, it performs better in cafea modified exponential response function
and a symmetric growth function. The existence atiNcompetition hampers slightly the
performance of the naive solution.

The percentage-of-sales rule generally performebitthe product portfolio is characterized
by homogeneity. Only unequal sales levels and oamaty coefficients have no significant
effect on the performance. The type of the growdhcfion is not meaningful for the
percentage-of-sales rule, but it shows superionlisesn case of a multiplicative response
function. Surprisingly, it performs slightly bettender Nash competition.

The attractiveness heuristic provides generallyesap results if the product portfolio is
characterized by homogeneity. But interestinglyegurality in the sales levels as well as in
the growth parameters has a marginal, but sigmfioagative effect. The heuristic performs
better in scenarios characterized by a symmetrawir function, but the shape of the
response function seems to have no impact on averdg expected, the attractiveness
heuristic provides superior results if the initteldget allocated is determined by percentage-
of-sales, no competition exists and no estimatroor @ccurs.

Finally, the numerical optimization method perforrhstter if the product portfolio is
heterogeneous, only heterogeneity in carryoverficosfits and in the elapsed time since
launch has a negative effect on the performance.tyiijre of growth function has no influence,
but the type of the response function is meaningsuhumerical optimization provides clearly
superior results in case of a multiplicative resggofunction. If no competition exists and the
initial budget allocation is determined by equaktdbution the numerical optimization
performs better. By definition, numerical optimipat provides the optimal solution if no
estimation error occurs, but the performance sicpnitly deteriorates due to inclusion of
estimation error.

But insights based on the results shown in Tablare limited because they are not
differentiated between planning cycles. The coneecg properties and experimental
conditions are analyzed in a regression modeludsad in the next section.
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Table 4. Deviation from optimal profit means by rule and experimental condition

Naive Percentage- Attractiveness Numerical

Factor solution of-sales rule heuristic optimization
Elasticities

Equal .15435** .05164** .00738** .03193**

Unequal .27405** .13881** .00979** .02887**
Sales level

Equal .17485** .09548 .00872* .03388**

Unequal .25356** .09498° .00845* .02691**
Growth parameters

Equal .20271** .09336** .00882** .03254**

Unequal .22570** .09709** .00835** .02826**
Carryover coefficient

Equal .21356° .09503¢ .00634** .02951**

Unequal .2148%¢ .09541* .01083** .03129**
Elapsed time since launch

Equal .16163** .08848** .00753** .04261**

Unequal .26678** .10197** .00964** .18185**
Growth function

Asymmetric .21716%* .0957% .00916** .0306%

Symmetric .21125%* .0947% .00800** .03012
Market response function

Multiplicative .21764** .08504** .0086Y .05039**

Modified exp. .21076** .10541** .0084% .01041**
Competition

Monopoly .20795** .10314** .00774** .02932**

Nash competition .22045** .08731** .00943** .03148**
Initial budget allocation

Equal distribution - - .00913** .02933**

Percentage-of-sales - - .00804** .03147**
Estimation error

Not included - - .00662** .0008

Included - - .00924** .03040
Overall .21420 .09522 .00859 .03040

Notes: ** p<.01; * p<.05!° = not significant (Difference between the two mearased on ANOVA F-test)
1) No deviation from optimal profit by definition.

5.3. Regression analysis

Model specification
To analyze the impact of experimental conditiongperformance and convergence property

of rules, we specify the following regression moideleach rule:

Dev_Ily, = a + B, - Fac_Elast; + B, - Fac_Sale; + 5 - Fac_Grow; + B, - Fac_Carn
+ f5 - Fac_ET; + B¢ - Fac_GrM; + [, - Fac_RespM; + fg - Fac_IniB; (12)
+ By Fac_Comp; + By Fac_Erry+ Bi1-z+ v [z ;] + eqyy

where
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Dev_Il;;,, : Deviation from maximum profit for scenafi@and
replicationd in planning cyclem;
Fac_Elast : Heterogeneity of elasticities across product®{al, 1. unequal);
Fac_Sale : Heterogeneity of sales level across producted0al, 1: unequal);
Fac_Grow : Heterogeneity of growth parameters across ptsdidc equal, 1: unequal);
Fac_Car : Heterogeneity of carryover coefficient acrossdurcts (0: equal, 1: unequal);
Fac_ET : Heterogeneity of elapsed time since launch agposducts (0: equal, 1:
unequal);
Fac_GrM : Shape of growth function (0: asymmetric, 1: syetnic);
Fac_RespM : Shape of market response function (0: multipiea 1: mod. exponential);
Fac_IniB : Initial budget allocation (0: equal, 1: perceggaof-sales);
Fac_Comp : Competitive situation (O: No competition, 1: Kasompetition);

Fac_Err  : Estimation error (O: non-included, 1: included);
I : Vector of all simulation factors for scenaljo

a, B,y : (Unobserved) parameters;

e : Error term;

7 =1, 2, ..., 10 (number of planning cycles);
| =1, 2, ..., 1024 (number of scenarios); and
d =1, ...,D; (number of replications).

All scenarios of our simulation experiment in whigk do not incorporate an estimation error
are independent, i.e;;,~N(0,02), with the variances®. This allows us to apply OLS for
estimating equation (12) for the models of the eaw®lution and the percentage-of-sales rule.
But in all scenarios in which we incorporate anneation error we apply the technique of
common random numbers. As we use the same ernms téor each scenario and each
planning cycle we have to account for correlatiomag regression errors (Kleijnen 1988).
The error terms for each replication across scesas well as across planning cycles within
a scenario are correlated, while the error termesacreplications within a scenario are
uncorrelated, i.eeq;,~N(0,07), with the variances?, and Cov(&,,8,)=0,, for lz # Iz’
Therefore, we estimate equation (12) for the modélthe numerical optimization and the
attractiveness heuristic by using two step GLS twhadlows us to account for the serial
correlation and correlation across scenarios (&e€06).

Equation (12) assumes a linear convergence proéésslso tested as a log-linear process,
l.e. z is replaced by.og(z) Estimation results were very similar, so that deenot discuss

them here in detail.

5.2. Results

The results of our models are shown in Table 5adndrhe constant can be interpreted as
the average in our basic scenario, i.e. if all duesmin equation (12) equal zero: a

homogeneous parameter set, an asymmetric growttidana multiplicative market response
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function, no estimation error, and (if the factdrimtial budget is included) an equal initial
allocation. The coefficient values of the main efée show how the performance of the
allocation rule would change on average in termsgefiation from maximum profit if the
corresponding simulation factor changes to the ipeexperimental condition. A positive
value means a worse, a negative value a betteorpehce of the allocation rules. For
example, a coefficient value of 0.1 for the simiglatfactorunequal elasticitiesneans that
the rule would have a higher deviation from theiropt solution of 10 % on average if we
have a scenario characterized by heterogeneousci®yaacross the portfolio instead of a
homogeneous elasticity set. The interaction effedtis the time variable show the impact of
the factors over time, i.e. their influence on tb@vergence properties. A negative coefficient
indicates a faster convergence process under thefispexperimental condition, while a
positive coefficient indicates a slower process.

By comparing the constant across all allocatiosuh Table 5a and 5b we see that the
attractiveness heuristic has the lowest value wiuchfirms that it outperforms all other
allocation approaches in our basic scenario onaaedr

The effect of heterogeneity across the productfgatis reflected by the coefficients of the
product characteristics. The three simpler rules, the naive solution, percentage-of-sales,
and the attractiveness heuristic, are all stromglg negatively affected in their performance
by heterogeneity in elasticities and elapsed timeeslaunch. But while the interaction effect
with time for the naive solution is positive, itke performance is getting even worse over
time, the interaction effects for percentage-oésabnd the attractiveness heuristic are
negative, i.e. the negative effect on the perfomeadiminishes if the rule is applied
subsequently. This is a reasonable finding as niatkeesponsiveness as well as life cycle
effects are reflected in the sales outcome whichinrporated into both rules. The
attractiveness heuristic even directly includes ehasticity and the growth multiplier (see
equation (6)). As expected, heterogeneity in thesstéevel has a negative effect on the
performance of the naive solution, while percentafgeales and the attractiveness heuristic
are able to capture the heterogeneity. The effegberformance becomes even positive for
these two rules. Heterogeneity in the carryoverffuoents affects the performance of all
three rules negatively, but this effect decreaseer dime. As expected, numerical
optimization generally performs better if the polit is characterized by heterogeneity as it

has negative coefficients for the elasticity, tlades base, the growth parameters, and the

® Note that the constant of the numerical optim@atinethod is not directly comparable as it onlylides
scenarios with an estimation error.
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elapsed time since launch. Only heterogeneity i@ tlarryover coefficient affects the
performance of numerical optimization negatively.

The type of the growth model specifications is niegiul for all budgeting methods apart
from numerical optimization. As expected, bettdoadtion solutions are provided in the
scenarios characterized by a symmetric growth fanct

Percentage-of-sales provide superior results imasaes characterized by a multiplicative
response function, while the type of the responsetion has no impact on the performance
of the naive solution and the attractiveness heeiriSontrary, numerical optimization works
much better in case of the modified exponentialcfiom which confirms that the sales
outcome based on this model specification is |&sstad by noisy demand parameters.

Nash competition has a negative effect on the pmdace of the naive solution, the
attractiveness heuristic, and numerical optimizatiGontrary to our expectations, it has a
negative effect on the percentage-of-sales rulésiwis probably the result of an asymmetric
portfolio structure of the two competitors, i.ee tlarger products of company A compete with
the smaller products of company B and vice versaseB on this rule the budget is more
heavily allocated to the products which generatgelasales so that an asymmetric portfolio
structure across competitors avoids negative dubeti effects and therefore is closer to the
optimal solution.

In line with our expectations, percentage-of-sadssinitial budget allocation leads to a
superior performance of the attractiveness heari®ut numerical optimization provides
better results if the initial budget allocatiordstermined by equal distribution. This finding is
contrary to our first expectations but may be exygd by the replacement of the initial
marketing stocks over time. Numerical optimizataond the true optimal solution both suffer
equally from a suboptimal initial solution but steeplacing these stocks subsequently by new
stocks based on their calculations. In case ofttibmitial allocation the suboptimal share of
the marketing stocks is faster build down so thalytcan be replaced by new stocks. But
while this is the true optimal stock for the profttaximum solution, the numerical
optimization approach builds up another suboptst@tk in case of noisy demand parameters.
Therefore, the deviation to the profit maximumasger in case of superior initial marketing

stocks.



Table 5a. Experimental factors influencing the dewtion from maximum profit: regression coefficients(standard errors) |

Naive solution Percentage-of-sales

Main effects

Interaction with

Main effects

Interaction with

time time
Factor Level Exp. Est. Est. std. Est. Est. std. Exp. Est. Est. std. Est. Est. std.
sign  coeff. dev. coeff. dev. sign coeff, dev. coeff, dev.
Constant .041 (.005)** .042  (.002)**
Elasticities Equal 0 0 0 0 0 0
Unequal + 118  (.003)** 3x1b (.001) + .096 (.001)** -.002 (2x1
Sales level Equal 0 0 0 0 0 0
Unequal + .084 (.003)** -.001 (.001) +/- -.005.001)** 001 (2x10)**
Growth parameter Equal 0 0 0 0 0 0
Unequal + .010 (.003)** .002  (.001)** + .005 0Q1)* -3x10*  (2x10%
Carryover coefficient Equal 0 0 0 0 0 0
Unequal + .008 (.003)** -.001 (.001)* + .003 (.001)** 001 (2x10f)**
Elapsed time since launch Equal 0 0 0 0 0 0
Unequal + .081 (.003)* .004 (.001)** + .032 0Q1)** -.003  (2x1df)**
Type of Growth function Asymmetric 0 0 0 0 0 0
Symmetric - -.009 (.003)** .001 (.001) - -.003.001)** 4x10%  (2x10%*
Type of Market response Multiplicative 0 0 0 0 0 0
function Modified exp. +/-  4x1d  (.003) -.001 (.001)* +- 012  (.001)* 001 %207
Type of Competition Monopoly 0 0 0 0 0 0
Nash competition + .011  (.003)* 3x10 (.001) + -.008 (.001)* -001  (2x1p
Initial budget allocation Equal distribution
Percentage-of-sales
Error in demand Not included
parameters
Time (# planning cycle) + 002 (.001)** - 25 (3x10%
(Pseudo) R2 .868 915
# of observations 2,560 2,560

Notes ** p< .01, *p< .05
The factor of initial budget allocation and estiioaterror is not included in our analysis of théveasolution and the percentage-of-sales-rule §seton 3.2). Numerical

optimization is based in simulations with errodemand parameters only.
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Table 5b. Experimental factors influencing the de\ation from maximum profit: regression coefficients(standard errors) Il

Attractiveness heuristic

Numerical Optimizatimethod

Main effects Interaction with Main effects Interaction with
time time
Factor Level Exp. Est. Est. std. Est. Est. std. Exp. Est. Est. std. Est. Est. std.
sign coeff, dev. coeff, dev. sign coeff, dev. coeff. dev.
Constant 001  (4x1** 004  (.002)*
Elasticities Equal 0 0 0 0 0 0
Unequal +- 008 (2x1f** -.001  (.4x10%* - -.004  (4x10% 3x10™  (.6x10%**
Sales level Equal 0 0 0 0 0 0
Unequal +- -001  (3x1h* 1x10%  (.4x10%* - -.003  (.001)** -1x10' (.8x10%*
Growth parameter Equal 0 0 0 0 0 0
Unequal +- -001  (2x1h= 1x10*  (.4x10%* - -.003 (.001)* 5x1F  (.8x10%
Carryover coefficient Equal 0 0 0 0 0 0
Unequal +- 009  (3x10)** -.001  (.4x10%* - .003  (.001)** -001  (.7x10)*
Elapsed time since launch Equal 0 0 0 0 0 0
Unequal +- 007 (2x1f* -.001  (.3x10%* - -.015  (.001)* -.001  (.5x1d)*
Type of Growth function Asymmetric 0 0 0 0 0 0
Symmetric - -002  (2xIfy* 3x10*  (.3x10%** +- -.001 (.001) 3x1d  (.5x10%*
Type of Market response Multiplicative 0 0 0 0 0 0
function Modified exp. +- 3x1d  (2x10% -1x10%  (.3x10%)** - -.031  (.001)* 6x10° (.5x10%
Type of Competition Monopoly 0 0 0 0 0 0
Nash competition + 001 (2xfp* -2x107  (.3x10%)** +- .005  (.002)* 9x10° (.8x10%
Initial budget allocation Equal distribution 0 0 0 0 0 0
Percentage-of-sales - -007 (2%y0 001 (.3x10% - .005 (.001)* -.001  (.5x10)**
Error in demand Not included 0 0 0
parameters Included + 003 (2xIfy* -1x10%  (2x10%*
Time (# planning cycle) Planning cycle - -001  (OR)* + 001 (2x10f)**
(Pseudo) R2 .820 .691
# of observations 20,480 15,360

Notes ** p< .01, * p< .05
The factor of estimation error is not included ur analysis of the numerical optimization methage(section 3.2).
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The inclusion of estimation error has a negativéectf on the performance of the
attractiveness heuristic, as expected.

Finally, the estimation results of factor time isly significantly negative for the
attractiveness heuristic which confirms that oriig trule converges to the optimal solution.
The interaction effects across all factors are #xaontrary to the corresponding main effects
which indicate that all influences on the perforeeamre overcome over time. So it can be
concluded that all simulation factors have no dy @aamarginal impact on the performance of
the attractiveness heuristic and all negative &feliminish when the heuristic is applied

subsequently over time.

6 Discussion and Conclusions

We analyzed the performance of four different atamn methods by varying experimentally
all factors incorporated in the profit objectivention. The performance of the methods is
investigated under realistic market conditions, ékisstence of competitors and the imperfect
knowledge of unobservable demand parameters.

We conclude from the scenario results in which rrorein demand parameters is assumed
that percentage-of-sales outperforms a naive solubf equal distribution, but that the
solutions provided by FAWF are far superior to ¢tieer rules and are robust to all changes in
the simulation design. The results of the scenamoish assume an estimation error are quite
surprising as FAWF even outperforms solutions mesliby numerical optimization in most
scenarios. Only in the scenarios characterizedtioyng heterogeneity of the portfolio and a
modified exponential response function numericaltinozation may outperform the
attractiveness heuristic. Thus, our simulation ltesimdicate that numerical optimization is
much more sensitive to estimation error than thracttveness heuristic. In fact, the inclusion
of observed past sales overrides the negative tefidae to noisiness in the parameters.
Similarly, FAWF still outperforms significantly theimpler rules which do not take any
unobservable demand parameters into account anefdhe are not exposed to noisiness in
the parameters.

Our study identified heterogeneity of elasticiteexl the elapsed time since launch across the
portfolio as the most critical variables reducirtge tperformance of the naive solution,
percentage-of-sales, and the attractiveness hieufi$te performance of the naive solution is
further strongly and negatively affected by hetertgjty in the sales base across the portfolio.

Contrary, numerical optimization provides betterlusons if the portfolio is rather
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heterogeneous. Our analysis of the factor timeaigvihat only the attractiveness heuristic
converges to the optimum if applied subsequently.

Two main implications for practitioners may be ged from our simulation study. First, we
provide strong support for the usefulness of th&Aheuristic as it shows a high degree of
flexibility in the face of a multitude of differemharket situations and is robust to all kind of
changes in our simulation experiment. It providekitsons which are much closer to the
profit maximum compared to simpler rules, suchhesraive solution or percentage-of-sales
on the one side. And it is not as sensitive tavedion error as numerical optimization on the
other side. Only if true demand parameters are knoumerical optimization by definition
provides optimal values. However, such a situaisomnrealistic. Second, our study indicates
that practitioners should be not too concerned @bmisy parameters due to limited
information about future trends or a lack of data ensufficient knowledge of econometric
estimation if they apply an approach such as ttraciiveness heuristic for budget allocation.
Although the estimation error hampers slightly tperformance in the beginning, the
inclusion of the observable sales outcome outridesnegative effects after a few iterations.
As even small estimation errors are unavoidablés fimding contradicts conventional
wisdom which holds that by using simpler heuristizs allocation solution are achieved at
the expense of poorer profit performance (Blacklamd Millen 1980).

Our study is also subject to a few limitations. Biraulation factors are limited to the factors
that characterize our profit maximization probleetiting. For other settings, other factors
might be relevant. However, we believe that thigirsg is quite realistic as it considers
various forms of dynamics, portfolio effects, seemarketing activities, competition, and
noisy demand parameter information. Our focus igstimation error in demand parameters,
but not on specification error, i.e. assuming angraemand model. Since only numerical
optimization requires the explicit specificationaoflemand model but not the other methods,
we believe that the performance of that methocegatively affected. This raises even more
concern about the practical application value ghatcal methods.

For future studies we recommend to analyze and acenghne performance of new and old
heuristic methods developed in marketing science lalynamic comprehensive simulation
framework, as developed in this study, which al®pase an estimation error on demand
parameters to simulate realistic scenarios. Hopyefulr work will motivate such efforts.
Furthermore, we provide a new approach of analy#egdriver of convergence properties

for further research.
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