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Abstract

Our world is turbulent: ecological, social, political, technological, economic, and
competitive business environments change constantly. Consumers have changing
preferences, learn, build trust in brands, adopt new products, and are persuaded
by advertising. Firms innovate and engage in and respond to competition. Exog-
enous events, such as changes in economic conditions and regulations, as well as
human crises, also cause major shifts in markets. This special issue focuses on novel
Marketing data and modern methodologies from different fields (e.g., Operations
Research (OR), Statistics, Econometrics, and Computer Science), which help firms
understand, utilize, and respond to market dynamics more efficiently. Here we pro-
pose a framework comprising analytical methods and data for dynamic markets that
is useful for structuring research in this domain. Next, we summarize the history
of the Marketing/OR interface. We highlight studies at the Marketing/OR interface
from the last decade focusing specifically on dynamic markets and use our proposed
framework to identify trends and gaps in the extant literature. After that, we present
and summarize the papers of the current special issue and their contributions to the
field against the backdrop of our framework and the trends in the literature. Finally,
we conclude and discuss which future Marketing/OR research could tackle impor-
tant issues in dynamic markets.

Keywords Dynamic markets - Marketing/OR interface - Analytical methods - Data
analysis

1 Introduction

Our world is turbulent: natural, social, political, technological, economic, and com-

petitive business environments change continuously and sometimes shift rapidly.
By understanding such dynamics, companies can develop strategies that help them
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adapt while also taking advantage of new opportunities as they arise. The causes of
these dynamics in demand and supply are many. Consumers have changing pref-
erences, learn from the experience of and interaction with other consumers, build
trust in brands, are persuaded by advertising, and adopt new technologies and sales
channels (see, e.g., Zhang and Chang 2021). Firms introduce new products by
developing or leveraging new technologies, grow, fail, merge with other firms, and
respond to competition by innovating, lowering costs, adapting the Marketing mix,
and improving efficiency. Fluctuations in demand and competition impact inventory
levels, assortments, lead times, and transportation costs. Exogenous events such as
changes in economic conditions (e.g., a stock market crash, inflation, recession),
regulations (e.g., the General Data Protection Regulation—GDPR—in Europe, US-
Chinese import tariffs, central banks raising interest rates), man-made crises (e.g.,
the Volkswagen diesel emissions scandal), as well as natural disasters (e.g., caused
by climate change or the COVID19 pandemic), cause major shifts in markets.

Market turbulence has not only immediate effects on consumer behavior as well
as innovation, manufacturing, distribution, pricing, and competition but also has
long-term strategic consequences for firms having to anticipate and address the
uncertainty caused by market dynamics. To understand dynamics and shifts in mar-
kets in a timely fashion, firms analyze and predict these changes and their impacts
on market behaviors and reallocate resources accordingly. To this end, modern
technologies (e.g., Machine Learning (ML), Artificial Intelligence (AI), Internet of
Things, mobile and Global Positioning System technologies, virtual and other digi-
tal environments) enable firms to identify market shifts faster and better and track
and capitalize on market dynamics.

In the past, Marketing data and modern methodologies from Operations Research
(OR), Statistics, Econometrics, and Computer Science have helped companies
understand market dynamics and shifts, enabling them to respond more rapidly
and efficiently. Models from these fields have played different roles in supporting
Marketing decision-making. Firstly, ML and AI methods help identify patterns in
unstructured data that may indicate and predict trends (e.g., Random Forests, Deep
Learning). Secondly, statistical/econometric models are used to analyze and test tab-
ular data for time trends (e.g., dynamic linear models, dynamic discrete choice mod-
els, vector autoregression, hidden Markov models) and market shifts (e.g., regime-
switching models), and their hypothesized antecedents. Specifically, Bayesian
models have been applied to quantify uncertainty about (e.g., Bayesian learning) and
heterogeneity in (e.g., Bayesian hierarchical modeling) market dynamics. Thirdly,
econometric techniques support causal inferences from antecedents of market shifts
in quasi or randomized field experiments (e.g., Difference-in-Differences, Instru-
mental Variables, Regression Discontinuity). Finally, OR techniques and analytical
methods have helped businesses optimize their operations by finding optimal solu-
tions to complex decision-making problems with multiple objectives and constraints
(e.g., Markov Decision Models, Linear and Dynamic Programming, Simulations).

The use of these methodologies from OR and other fields in Marketing to under-
stand market dynamics suggests there are numerous relationships between these
areas. To assess the extent of ongoing cross-fertilization between Marketing and
OR, we examine citations in several major journals in these two fields over the last
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Table 1 Citation analysis

Percentage  ...citing papers from ...

of papers

in . IDRM JMR MKSC QME EJOR OPRE ORSP
IIRM 74.1 889 68.8 155 44 2.3 0.5
JMR 331 946 703 183 23 2.1 0.3
MKSC 23.1 86.6 96.4 402 34 100 0.2
QME 173 719 878 540 3.6 43 0.0
EJOR 1.7 43 80 09 945 513 121
OPRE 1.3 52 100 1.1 385 853 29
ORSP 26 49 47 14 894 602 50.1

ten years. Some interesting patterns of cross-citations between Marketing and OR
can be seen in Table 1. This table provides an overview of the percentage of papers
with cross-disciplinary citations published in leading (quantitative) Marketing jour-
nals such as the International Journal of Research in Marketing (1IJRM), the Jour-
nal of Marketing Research (JMR), Marketing Science (MKSC), and Quantitative
Marketing end Economics (QME), and OR journals including the European Journal
on Operational Research (EJOR), Operations Research (OPRE), and OR Spectrum
(ORSP) that cite contributions from each other.'

The 2 X 2 block-diagonal pattern that emerges indicates that most papers in Mar-
keting journals cite papers in other Marketing journals (e.g., 70.3% of papers in the
JMR cite papers from MKSC), while, similarly, most papers in OR journals cite
papers from other OR journals (e.g., 89.4% of papers in ORSP cite papers from
EJOR). Notably, the self-citation rates of the journals in both fields are often high,
exceeding 90% for EJOR, JMR, and MKSC. ORSP and QME present exceptions
to this trend, exhibiting the lowest in-journal citation rates of approximately 50%.
It is worth noting that cross-citations within disciplines are not always “symmet-
ric.” For example, among OR journals, while 89.4% of ORSP papers cite EJOR
papers (as mentioned above), only 12.1% of EJOR papers cite ORSP papers. In the
same fashion, among Marketing journals, while 71.9% of QME papers cite papers
in JMR, only 18.3% of JMR papers cite QME papers. Cross-disciplinary citation
percentages are even lower, with values below 5% in most cases. Papers published
in OPRE and MKSC (both INFORMS journals) have the highest cross-disciplinary
citation rates, citing each other in 10.0% of the papers. Interestingly, papers in OR
journals cite Marketing papers slightly more than the reverse, especially citing
papers from JMR and MKSC. The values are particularly low for ORSP; fewer than
1% of the papers in any of the Marketing journals cite ORSP papers. A somewhat
similar pattern occurs for papers in OR journals citing QME. Thus, while the cita-
tion data shows that cross-fertilization continues to occur between the disciplines,
especially between papers published in OR and MKSC, there are ample opportuni-
ties to strengthen these connections. That researchers in either field seem to utilize

! We compiled data from Scopus (https://www.scopus.com) and only used papers published since 2013.
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developments in the other field quite modestly is a missed opportunity. Explor-
ing sources beyond the few top journals within each discipline holds promise for
researchers engaged in topics spanning both fields and may spawn more collabora-
tion between researchers in those fields. Our special issue aims to help foster this
connection between Marketing and OR.

Cross-fertilization between Marketing and OR research extends to the nature of
the data used in both fields. Figure 1 places data to which methods in Marketing
and OR are applied on a continuum of increasing analyst involvement in the data-
generating process, from hardly any (unstructured data) to completely (simulated
data). While ML methods are most suited to analyzing unstructured data for patterns
and trends, analytical methods and OR often rely on simulated data for finding opti-
mal decisions. In between these two extremes, statistical methods are traditionally
applied to structured tabular data to test hypotheses about trends and their anteced-
ents, while quasi-experimental methods, requiring more involvement of the analyst
in their design, are most often analyzed using econometric methods to determine the
causal effects of (dynamic) Marketing performance. Of course, the different types
of data and methods are also often interrelated (e.g., data from previous forecasts
and estimated demand models serve as input for simulations). Building on their
comparative strengths, integrating these extant techniques in ways that aligns with
the demands of a particular Marketing problem and the available data holds much
promise for academic research and its application to business problems in the future
(Bengio et al. 2021; Wedel and Kannan 2016). Researchers have integrated several
of these approaches specifically at the Marketing/OR interface. Integration may
involve combining models by averaging their predictions, using them sequentially,
or incorporating aspects of one type of model into another to allow for the optimiza-
tion of Marketing strategies as new data become available, enabling companies to
adapt quickly and effectively to dynamic markets. Section 2 summarizes some of the
history of these approaches at the Marketing/OR interface.

Academic research has been instrumental in integrating methods from Market-
ing and OR. In Sect. 3 we provide an extensive review of studies at the Marketing/
OR interface over the last decade published in three leading OR journals, with a
specific focus on dynamic markets. These more recent studies are placed within the
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framework provided in Fig. 1, with the purpose of identifying trends and gaps in the
extant literature.

Large-scale applications of several of the methods in Marketing, OR, and the
Marketing/OR interface have had direct relevance for business practice in industries
such as retailing, transportation, energy, finance, inventory management, entertain-
ment, and tourism. The literature review reveals that areas that lend themselves to
further development include dynamics in multimedia budget allocation, consumer
learning, pricing, brand Marketing strategies, customer relationship management,
direct Marketing responses, firm competition, viral Marketing, assortment optimiza-
tion, personalization of product recommendations, and new product innovation and
introduction.

In Sect. 4, we summarize the contribution of the papers of the current special
issue against the backdrop of our framework and the trends outlined in the literature.
We show how each of these papers, at the intersection between Marketing and OR,
contributes to a better understanding of market dynamics and their consequences for
firm decision making. In Sect. 5, we conclude and discuss ideas for future Market-
ing/OR research that would tackle important issues in dynamic markets.

2 The history of the marketing/OR interface

From a management perspective, Marketing and OR are two related fields that have
developed rapidly over the past 70 years. After World War II, the Marketing field
started to broaden its view from being more or less sales and communication-cen-
tered to Marketing management-centered. OR, particularly mathematical program-
ming techniques, were recognized as valuable tools in a management decision-mak-
ing context. At that time, Marketing and OR were not completely separate from each
other; for instance, Kotler’s (1971) early editions of his seminal Marketing textbook
included typical OR techniques, such as how to solve a traveling salesman’s prob-
lem. In general, Marketing scholars began to pursue, on the one hand, behavioral
(socio-psychological) centered research, and on the other hand, often followed eco-
nomic principles that postulated that market actors maximize utility or profit. Obvi-
ously, maximizing goals under certain constraints points to the applicability of OR
techniques. Several management schools in the USA, with MIT at the forefront,
were pioneers in promoting this view. Little (1970) coined the concept of “decision
calculus” which emphasized the management decision-making perspective. During
these years, cooperation between Marketing and OR flourished, and many papers
were published following the decision calculus principle.

Thus, Marketing and OR initially matured together at a rapid pace. As an illustra-
tive example: Kotler removed more quantitative techniques from later editions of his
Marketing Management textbook and coauthored another textbook devoted entirely
to Marketing models (Lilien and Kotler 1983). At the same time, however, enthu-
siasm for using these methods declined because they did not always live up to the
expectations of practitioners. The reason was a discrepancy between the reality of
limited data and model complexity. In addition, managers sometimes had only a lim-
ited understanding of such methodologies.
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The availability of market data (particularly scanner data) at a much broader
scale changed the situation. We would like to emphasize at this point that research-
ers (e.g., Naert and Leeflang 1978; Parson and Schultz 1976)* established a link
between Marketing and Econometrics. Econometrics (and multivariate Statistics)
provided the necessary tools to extract meaningful and useful information from a
magnitude of data. A prominent example of this is the research by Guadagni and
Little (1983), which adapted an already existing model, the multinomial logit choice
model, for an application in Marketing using scanner data. Since then, Marketing
scholars have not strictly distinguished between methods borrowed from OR or
Econometrics but refer to them as quantitative Marketing or “Marketing Science.”
The new edition of Lilien et al. (1992) was another comprehensive monograph at the
intersection between Marketing, OR, and Econometrics.

It is worth mentioning that this academic progress was accompanied by changes
in the organization of the field. The Harvard Institute of Basic Mathematics for
Applications in Business first applied analytics to Marketing (Winer and Neslin
2014) which led to the founding of the Marketing Science Institute in 1961. That
institute continues to play an important role in bridging the gap between Market-
ing in academia and in practice. In 1964, the first issue of the Journal of Market-
ing Research was published (complementing the Journal of Marketing), offering
another top-tier journal to scholars in the field. In 1978, the first conference exclu-
sively targeting quantitative researchers occurred at Stanford University. The first
issue of Marketing Science was published in 1982. The Operations Research Society
of America (ORSA) and The Institute of Management Science (TIMS) merged in
1995, forming the Institute for Operations Research and the Management Sciences
(INFORMS). And in 2002, ISMS, the INFORMS Society of Marketing Science,
was founded (see Winer and Neslin 2014, for further details).

At the beginning of the new millennium, several environmental forces changed
the Marketing agenda dramatically, e.g., the high penetration of the internet and,
later that of social media into the market; the plethora of data from different sources
with different structures (cf. Fig. 1); the way of conducting omnichannel business
and interacting with customers; and, the growth of computational power and storage
capacity of electronic devices. Marketing research had to account for these changes
and to do this, adapt its tools. In addition, concepts and methods from other disci-
plines, like Psychometrics and Computer Science, enhanced the field. This makes it
more difficult to strictly distinguish between the interdisciplinary interaction of Mar-
keting with OR and its interactions with other fields. However, this does not imply
a lack of interaction but rather a different type of interaction. For example, Lilien
and Rangaswamy (2004) stay within the framework of Marketing/OR but focus
on certain problem-centered aspects of the field, e.g., targeting, segmentation, and
positioning. The title of Lilien and Rangaswamy’s textbook coins the term “Market-
ing engineering and analytics,” which emphasizes the decision-making perspective.

2 For many of the textbooks mentioned in this subsection, several editions (sometimes with other coau-
thors) have been published. For the sake of readability and space, we refrain from referring to these edi-
tions.
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Lilien also set up the Marketing Practice Prize sponsored by ISMS in 2003. Appli-
cants are expected to demonstrate that Marketing Science is applicable to a wide
range of managerial problems in practice, using a diversity of analytical techniques,
many of them borrowed from OR.

The recognition in economics that companies make profit-maximizing deci-
sions (Dorfman and Steiner 1954), provided the impetus for the development of OR
approaches towards optimal decision-making in such domains as advertising (Par-
sons and Bass 1971), sales force (Mantrala et al. 1994), direct Marketing (Bult and
Wansbeek 1995), and online price customization (Zhang and Krishnamurthi 2004).
Marketing scholars successfully applied OR methods developed decades ago, albeit
sometimes under a different heading. As an illustrative example, what is nowadays
called “qualitative comparative analysis” (e.g., Woodside, 2013) is based on fuzzy
sets (e.g., Zadeh, 1965). Optimal decision-making was often derived from the appli-
cation of OR methods formulated on top of econometric models of market behavior
(see Zhang and Krishnamurthi 2004).

Finally, it has become common practice in business schools to hire incoming
academics with specific quantitative expertise. In most cases, positions are not spe-
cifically designated as requiring expertise in OR, Statistics, or Econometrics, but in
many cases, basic training in these areas offers advantages or may even be required.
The steady influx of scholars with degrees in OR and other quantitative disciplines
has further promoted the integration of these fields with Marketing and other disci-
plines, including OR, as these scholars have applied the analytical expertise from
their domain to Marketing problems. Consequently, the degree of integration of
Marketing and OR has reached a new level. Section 3 illustrates that integration
using the recent literature and a sample of leading journals, focusing on methods
that address market dynamics.

3 Recent OR literature on market dynamics

After reviewing some of the history of the Marketing/OR interface, we now provide
a deeper insight into more recent research focusing on market dynamics. The goal is
to identify recent trends and gaps in the literature, which helps us understand how
the papers in this special issue contribute to the growing Marketing/OR literature on
dynamic markets. For this purpose, we scanned the last decade of papers published
in three leading OR journals: EJOR, OPRE, and ORSP. These journals are highly
ranked (EJOR has an impact factor of 6.4, OPRE’s impact factor is 3.9, and that of
ORSP is 2.7) and are long-established core OR journals that have been outlets for
Marketing-related research as well.?

3 Certainly, more outlets are publishing research at the Marketing/OR interface, such as journals cover-
ing a broader range of research related to the theory and practice of management (e.g., Management
Science), well-respected conference proceedings (e.g., the Operations Research Proceedings, see Grothe
et al. 2023) or specific working groups (e.g., Euro Working Group on Retail Operations, Working group
on Data Analysis and Classification in Marketing (GfKl e.V.)). However, we keep a narrow focus, only
using OR journals and peer-reviewed research.
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While we do not aim to provide a comprehensive literature review, we aim to
highlight examples from the Marketing/OR interface, with a specific focus on
dynamic markets from these three journals. In searching the journals, we used spe-
cific keywords (and combinations of them) related to types of data, methods, and
topics, which allow us to categorize the recent literature using the framework out-
lined in Fig. 1. The resulting first list of papers was then examined more closely and
further reduced to the papers summarized in Tables 2, 3, 4, and 5. While we tried
to select papers that are prototypical for particular types of research, we acknowl-
edge that there is some variation in the academic visibility and impact of the papers,
as measured by the number of citations on Google Scholar (https://scholar.google.
com/). While some papers have somewhat low numbers (e.g., Baumgartner et al.
2018 was cited less than ten times)—even when considering the relatively short time
frame for the analysis of one decade—others are cited much more often than the
impact factors of the respective journals would imply. In particular, papers related
to ML methods and customer repurchasing behavior received an exceptionally high
number of citations (e.g., De Caigny et al. 2018 has more than 400 citations, and
Martinez et al. 2020 was cited almost 200 times). We see the high numbers as an
indication that the topic of market dynamics at the Marketing/OR interface is highly
relevant. Still, papers with lower citation counts highlight that not all sub-topics are
equally popular. We hope this special issue and our framework not only help identify
trends but also give a proper overview of the whole field of market dynamics.

The papers in Tables 2, 3, 4 and 5 span a range of different types of data and
methods used for understanding dynamic markets and finding optimal solutions to
Marketing problems. Several papers use simulated data, numerical examples, and
computational studies to validate their approaches, find optimal solutions, or to
further highlight specific properties of the models and results. These papers study
topics such as dynamic pricing (e.g., Gonsch et al. 2018), advertising dynamics
(e.g., Aravindakshan and Naik 2015), or production and inventory dynamics (e.g.,
Ketzenberg et al. 2022). A handful of papers use simulations to study the statistical
properties of estimators or to benchmark proposed models against several alternative
approaches (e.g., Guhl 2019; Sauré and Vielma 2019).

Various researchers combine multiple types of data. Some studies combine
simulations with the analysis of market data for additional substantive insights
(e.g., Boztug et al. 2014; Wang 2021). Aligning simulations with features of
“real” data (e.g., size, structure, variables, amount of variation) enhances the
credibility of the simulation results and their generalizability. Some papers use
experimental data to augment readily available market data. For instance, Fikar
et al. (2019) use a conjoint experiment to collect the relevant preference informa-
tion as an input for their decision support system. Conjoint methods are popular
data collection tools in both Marketing and OR research (Green and Srinivasan
1990). Several contributions to the literature over the last decade are related to the
adaptive (i.e. dynamic) generation of questionnaires for optimal preference learn-
ing (e.g., Bertsimas and O’Hair 2013; Sauré and Vielma 2019). In quasi-exper-
imental settings, MartinezdeAlbéniz and Belkaid (2020) exploit weather varia-
tion to study dynamics in footfall and sales for fashion retailers, and Chen et al.
(2019) employ causal inference to identify social influences on product adoption.

@ Springer


https://scholar.google.com/
https://scholar.google.com/

Predicting and optimizing marketing performance in dynamic...

sasATeur AJIADISULS J0J SISA[RUE [BOLISWINN
QINJONI)S pue 9ZIS 9[qer
-edwoo JO elep paje[nWIS SY2M /¢¢ IO] BIRp

[A9[-210)S A[Y9M pUB SPUBIQ BUN}-PIUUED 4
syjuowriadxe [euoneindwod

QATSUQ)X? PUB SIQWOISND ¢ WOI) BJep KoaIng

SQINJEJ ¢OE PUE SUONBAIISAO G/GT09
03 dn £SaLNSNpPUT JUIISJJIP WIOI} SIS BILP §]

UBMIB], UI 9JTAIOS SUITRIQI QUIJUO UR
JO sIoquIdw () 7S WOoIy suonoesuer) /8606 1

uonIqIyxa
opex e Jo saapudpe Of [ jo syred Suryrem
pue so[yoid 1owoIsnd yim juswrradxa jo[1d

sIasn G680z ¢ 7 Jo somydeiSowap ‘SpIodal

[OLIOISIY £ /T°60T €L "570 ‘0qIoA JUAdUR],
woIj aseqejep SO[qOIOIA [euoISuaWIp-ySIH

Iope9] S1aq[ayorIS
S JoINJOoRJNULRW Y} YIIM [opowl K109} duren)
POOYI[aYI] Paje[nwIls WNWIXeW [Iim pany
‘Kyrouadopus 9o11d pue ‘A11ouaS01939Y ‘SIUAD
-1JJ209 JurAreA-own ‘[epow 3150] paredaIssy

suone[nWIS paseq-judde pue sisATeue Juroluo)
[opow Jea[ 130]
9Y) puB ‘uoIssaIZaI NISIFO] ‘$921) UOISIIR
SUOTRUIQUIOD SB
[[9M se ‘([opow (I[[NOUIdg-L10g/OLIoWO0dn)
-e1g) g9/04d pue osse[ 39) soyoeoirdde
TIA JUSIOHIP pue ([[[noulog-eloq
JA1NQWO9N-e1og) S[opowW  A1p nok ([N Ang,,
(spoyowt
TIN) Surepowr 2And1Ipaxd pue SurIsnio
Sursn ejep A10juaaur pue ‘saes ‘(syjed Sur
Srem 9[yold 19wo0Isnd) JoWolsnd Jo SISATeuy
K391ems Jusunsnlpe ue
puE ‘suone[nuwIs [enjoeJINUNOD ‘("I SuIsn)
uonewns? 100JJ0 jueuniear) Surpnpout sdas
€ ‘poyjoul PAJRUIPIOOd UOTIB[NWIIS-SUTUIRd |

sureyo
A1ddns pooj ysa1j ur SuLreys ejep AI0judAu]

1X9)1U0J 3uI[IeIal B Ul

uonowold pue 2o11d Jo $1093j0 JulAreA-owi],
BIRp 9JI[-J[oys 1onpoid Sursn suon

-e12do £199013-0 10 WoIsAs 110ddns uoisioog

uonoIpaid wInyd 1woIsn)

1x0)u00 Sur[reyar
auruo ue ur uonorpaid aseyoindar rowoisn)

suonIqIYXo
aper) Je SIONSIA JO SUDjORI pa[qeua-(Yy

Suryes-ssolo pue Surknq
jeadar ‘uvondope jonpoid-mou Sunorpaid 10§
BIPAW [BI00S UI UONBOYNUIPI 90UINYUI [BIO0S

(Z200) 'Te 10 S10quazIay

(6100) IUND
(6107) 'Te 10 Jey1]

(8102) '® 10 Ausred o

(1200) 18 12 noyy

(S102) 10diem3uoy)

(6102) &1 Uy

ereq

POUIOIN

oidog,

1odeq

(1 3xed) youvasay puonniad fo jpuinop uvadoanz 3y ur s1aded pajos[as ay) JO MIIAIAQ T 3|qeL

pringer

As



D. Guhl et al.

10

Kep rod

SI9PI0 008°T ~INOQR ‘61T YOIRIA 1€

0] 910 AInf 41 woiy Suiliog ur sa10)s
07 19A0 WO} Byep AISAT[SP pue 19pI0

yoeoidde pasodoid oy jo Ayiqeoridde
) 9JLISUOWAP O} SISATRUR [EILIQUWINN

SISATI JO UOTBZI[E
-uosiad Kyoedes pue uonorpaid paads
-KIOAT[Op QWIT)-TEaI J0J (3SOI0,] WOPUEY SAOTAIIS PUBTIAP-UO
‘wryyuioge eyniog) soyoeoidde A QUIPJO-03-UI[UO UT YoJedsIp pozijeuosiod (2202 ‘e 1R ory,

(yoroidde Jurwrer3ord srweuiq
paseq-jurodxy [oaou ‘uoneziundo
QOUBLIBATWAS-UBIW JUI)SISUOI-SUWIL], Suronid orureukp asIoAB-ySTY (£202) Yosuon pue I13sso[yos

[opow Suizis

SUONRUIQUOD 9¢G‘G9 Jurpn[oul usIsop -)O[ OTweuAp UNIYA\ Pue JouSepp oY) (sennuenb/3urwurn uononpoid
[eLI0)OR] [[Nf € (IIm ‘sonfea 1o)owered  yym sojepdn pue suononpoxnur jonpoxd ‘Burorid “[our) suonerouad yonpoid
JUQIQJJIP UO paseq sjuawrIadxa [eorrownN QU JOJ [opow sseq ) Jo uoneigaug mau 10§ Surun uononponur fewndQ (L102) ‘T 10 o[BS
BIEP I9UJBOM PI[IRIOP $SILHUNOD UOIJB[OLI000)NE [BLISS pUB (amyeradwa) pue urer “3-9)
ueadoIng JULISHIP  WOIJ SAI0IS 86 KJ101)SBPaYS019)aY 10 ISn(pe 0) SI0110 suonenjony Ioyjedm Surnp spoo3
woIj BIep [[J100J pue sofes A10391ed ATre(q pIepue)s snqoI YIIm uoIssaISar S0 UOTYSE] J0J S)SBIAI0J SABS Puk I0JISIA  (0Z07) PIe[eg PUB ZIudq[yPZIUnIBIA
SQIN)Eay
S10T KeIN 0} 6007 ATenue[ WOIj SIAPIO JISWIO}SND JTWRUAD PUB [BUOISUSWIP
OLY 61 SIIUNOD 7] WOIJ SIQWO0)ISNd -y3ry Sursn (Sunsooq da1m-juarpers Sumes
9¢T°0T Jo eiep uonoesuen} g g ATYIUON 10 osse[ “3'0) soyoeoidde A SnOLIEA  [ENIOBIUOD-UOU B UT suonoIpaid aseyoing (0202) ‘& 1° ZaunIeA
SI0
S)[NSAI puE $AINJL) [opowr JYSIYSTY  -wWOo)snd snousgoIrsaley Jo snosuaouwroy sown souaned SIdWOISNO
0) pue UONEPI[BA SB SUOTJB[NWIS [BOLISWNN )M W)sAs ananb 1oA1es-9[3uIs Y uo paseq sar3ajens Surorid srwreukq (2200 "B YR NI
BlRQ POYIOIN oidog, 1odeq

(z 1xed) youvasay ppuonniad( fo jpuinop uvadoanzg ayy ur s1oded pajosfas ay) JO MIIAIAQ € 3|qeL

pringer

As



Predicting and optimizing marketing performance in dynamic...

soyoeoidde
a1y} Jo eoueuLIoyIad 9y} 9eN[BAS 0 SJUSW
-11adxo [BOLIOWINU QATSU)XD (SYULIP
1j0s) eyep [oued [9AS[-2I0}S JO SYIIM ()G
Kouagore)ay pue
Koeanooe asuodsar Jurkrea pue sjuapuodsar
001 I SIUSWILIdAXS UOTIR[NWIS [BISADS

SQIN)E9J Jed PuE ‘SId
-wojsnd 9y} ‘[ouueyd uonismboe oy} ‘9jonb
[oera Jo ow) pue ojep ay) Surpresar ereq

(ouar3Ay
[euosiad pue [oredde) sio[reiar surjuo
JO so[es pue paads 2)1Sqam UO BIEp [AON

(610T-910T ‘SX[99M 99[) SpurIq 0M) WO}
sSeqpuey pue sasse[3uns Jo SA[A)S 0m) IO}

eyep Sursnioape pue ‘aotid ‘safes AOIm

uoneorjdde
Sunarp auruo ue ur 3010y 2dIdaI uo el
sarorjod Sursnreape rewndo
Jo sadeys ojensny[r 03 sojdwrexo [eoLIoWNN
sisA[eue Korjod pue
(eyep 1oyjeam ‘BjEp pgwo)) “'S°9) uoneiq
-I[Bd [9pow (-qns) JOJ SAIINOS BIBP [BIAIS

POYIoW UOTBZIWIXEW
-uone)oadxe uoneziundo-Juneurde Yy
Sursn uonewsa jurof {[opour uossiod pue
(ropouu J130] TeTWOUT[NT) ADTOYD TSI
Sunepdn aireu
-uonsanb 1oy poyiow [eprosdife ay) pue
(1opou JIS0[-PaXIUI) [9POW AOTOYD JQIOSI]

S9[qeLIeA oW} SUNIEM JO UOEIY
-109ds 9[qIXap YIIM S[OPOW AITOYD J2IISI
syooys souewIojrad
9)ISqom JO S109JJ9 [esned (Jua)sisiod) Sur
-Inseaw JIoj Jou dnse[d yim yoeoidde
[01UOD) JNAYIUAS PIZI[EIoUT sown)
Surpeo[ 931Sqom JO $109JJ0 Jeaur[-uou
9)eWINISS O} S[OPOW UOISSAITAI P[OYSAIY ],
Ioyjoows/1)[Y d[onred ueisokeq e
Sursn pajewnsa ‘AJAISN[OXd SurAIRA-OWIT)
juase] pue syonpoid Jo s9[A)s o[dnnw 10§
Sununosde WaISAS SIURUAD WN-9)AIdSI
UOTSIOAR SSO[ SSQIPPE O} YSII Je anfea
[eUOTIIPUOD YIIM SISA[RUR JUIO[U0D 9AT
-depe ue ur uonezrundo 1939)ul pue ISNqOY
uonenba enualoyp Aefop
® UO paseq [9pOUW UOTJBULIO] SSOUATEMY
sasuodsar 1owoIsnd pue sadrid
orwreuAp Yy ‘souerjdde yrews 10§ 10
-Iew Q[eos-o5Ie| € ur wnuqinba peo-oorg

uorsuedxa joxyrew yym Surord
pue ‘Suruued JUSUILIOSSE “IIOYD ISWNSUOD)

sIsA[eue Juro[uod paseq-9010yd
aandepe Joj sarreuuonsonb orureuiq

Q0UBINSUT JBD O JOJUID
[Te2 © ur sown Sunrem pue UONU)RT JUATY

SQOIAIOS
auruo ur skefop ssedoid-ur jo 10954

sjonpoxd
uorysej 1oj SuisnIsape orweukp ewndo

saIreu
-uonsanb orwreuAp ur seouargyard Surures|

Sursnzoape Jursind ur s109p9 AI0WN

sowoy
jaews 10§ Surorid A10109[9 orweukq

(1207) Suepm

(6107) BWIAIA pue gIneg

(€£200) 'Te 10 WSeSNIA

(€200) 'Te 10 out[[en

(TT00) Te 10 2on1g

(£107) TeH. O PuE Sewisyog

(ST0T) A1eN Puv URYSYepuIALIY

(6107) Unyo() pue UBW[APY

ereq

OO

oidog,

1odeq

Yo4nasay suoniad ur s1aded pajod[as ay) Jo MIAAIAQ § d]qel

pringer

As



D. Guhl et al.

12

I9[1R)aI A190013

QuITUO UB AQ PAAIAS SANIO UBULIID) OM] WO}
BIEp IOpIO ([BILI0ISIY 9°1) Blep [eoundwyg

wy O] Jo PIudy

pue YIpIM B J)Im PLIS B se U013l KI9AI[Op

® U1 s1owolsnd enuajod O] ‘yoeoidde
pasodoid ay) 9jenyeas 0) Apms euoneindwo)

BULI] QUBOLLINY JO [[e}

-puey-sod pue Josuo 9y) JuLInp epLIof] Woij
$199M) UOT[[TWI 9UO JNOqe 1M eyep [edtrdwrg

wopqoxd uoneziumndo sruwreukp ay)

Surajos 103 sayoeoxdde pasodoid oy 9jenfesd
pue 9JepI[eA 0} ApNJs [BILIWNU DAISUAXH

azrs o[qeredwoo

Jo eep pajernuis {(syonpoid ares Ajrep

‘spuelq / ‘SYooM {()] J9A0 SP[OYIsnoy 9/ 8
wouy saseyoind /$9°¢) vyep [oued pjoyasnoy

(9309 punoid

‘SpueIq G ‘SY99M £ JOAO SPIOYasnoy ¢81 ‘Y
woiy saseyoind §9+°z¢) eyep [oued pjoyasnoy

yoeoidde
Jouer)dodoe 1owo)sno paseq-Jurdures

yromawrery Jurord orwreukp € ojur pajeIsd
-oJut st Jey) Surwwer3old Jeaur| I1e3ur
-pax1w uo paseq yoeoxdde uonewrxorddy

SUOISSISAI UOSSIOg Pue VNIV St [[om
se ‘sauryoruI-10J0aA-110ddns Jo uoneuUIqUIO)

juswuoIiAud Surorid orweukp

B UI YSLI-Je-on[eA [RUONIPUO0d ay) oziundo
0) IO[[9S 9SIFAB-YSLI B (IIM [opow orureukq

uonewnsd a3e)s-omj 5109339 9o11d 9[qIxoy

a1mded 03 S[pou 9910Yd dJRIISIP JO ([opowu
QATIPPE [eIOUT) UOISULIX? dLnowered-1uog

UuonewIsSd

POOYI[YI] WNWIXEW PIJOLISAI {S109JJQ

Surkrea-own arnyded 03 S[opoOW I10YD 9310
-SIp Jo (saurds-q) uorsu9)xa srowered-nuag

Surrejar
QUIJUO/AISAI[IP SWOY PIpuUae 10 Junnol
9[o1yaA pue 2ouedodoe JowoIsnd JrueuAg

Sur[reyar suruo
JAI2AT[p swoy papuaye 10 Jurord orweukq

BJEp BIPOW [BI00S SUIsn

$19)sesIp Surnp sage1Ioys uroses Junoipaig
(3oxIeW 9)BISA [T “'F°9) Ayroedeo
JO J1un 9[SUTS B [0S SWLIY 2IoYM S}oIeur

ur uorsIaAe st sopun Surornid srweukq

1X2JU09 JUI[Ie}aI B UI UOISIOAR SSO pu®
“9011d 90UI3JaI ([RUIUL) ‘SPOYSIY) LI

1X9)U0d JulIelal B
ur A)[eAo[ JOWOISND pue UOISIdAR SSO] ‘9oL1d

Q0UQIQJaI ([RUIAUI) JO S109))o Surkrea-owl],

(€£200) T8 12 B[O

(8100) 'Te 10 ULy

(0207) 'Te 30 areyy

(8107) T® 10 yosugn

($100) Te 30 mzog

(8107) ‘Te 10 IouESWneg

eeq

POUION

oidog,

1odeq

wn.122ds 3o ur s1oded pojooras oY) JO MATAIOAQ § d|qel

pringer

As



Predicting and optimizing marketing performance in dynamic... 13

Causality is not often mentioned explicitly, but several papers use instrumental
variables to address (price) endogeneity (e.g., Guhl 2019) or discuss endogeneity
concerns (e.g., Musalem et al. 2023).

Most empirical applications in Tables 2-5 use well-structured tabular data. In
particular, papers relating to (online) retail operations often utilize store-level or
individual-level panel data to study reference price effects (e.g., Boztug et al. 2014),
time-varying Marketing mix effects (e.g., Baumgartner et al. 2018; Guhl 2019),
market expansion (e.g., Wang 2021), customer churn (e.g., De Caigny et al., 2018),
or predictions of re-purchasing behavior in contractual settings (e.g., Chou et al.
2021; Martinez et al. 2020). While many use statistical/econometric methods (e.g.,
discrete choice models and classical or Bayesian estimation), there is an increas-
ing trend toward the use of ML approaches, which have enabled researchers to han-
dle growing data volumes and complexity (e.g., Chou et al. 2021; De Caigny et al.
2018).

Several papers use more or less unstructured data as an input for their research
on dynamic topics. For instance, social media data, specifically millions of posts
(“tweets”), have been shown to help predict gasoline shortages (Khare et al. 2020).
Customers’ high-dimensional real-time radio-frequency identification (RFID) posi-
tion information has been used to support firms at trade show exhibitions (e.g.,
Chongwatpol 2015) and retailers with smart stores (e.g., Hauser et al. 2020). Blog-
ging information has shed light on dynamic social influences on customer behavior,
such as product adoption or repurchasing (e.g., Chen et al. 2019).

The selected papers allow us to identify commonalities, differences, and novel
connections between the fields of Marketing and OR. Furthermore, the summary
reveals the following seven critical trends and gaps in the literature.

First, while the papers in this review were selected based on whether they
addressed market dynamics, most topics in Tables 2, 3,4 and 5 also align well with
a wide range of popular and trending methodological themes at the Marketing/OR
interface in general: choice modeling (e.g., Guhl et al. 2018; Kalouptsidis and Psa-
raki 2010; Méndez-Vogel et al. 2023; Morrow and Skerlos 2011; Pancras 2011; Sil-
berhorn et al. 2008; Van Ryzin and Vulcano 2017), discrete choice experiments and
preference measurement (e.g., Diaz et al. 2023; Falke and Hruschka 2017; Gensler
et al. 2012; Hein et al. 2022; Kaluza et al. 2023; Maldonado et al. 2015; Paetz and
Steiner 2017), causal inference (e.g., Cousineau et al. 2023; Gubela et al. 2020;
Haupt and Lessmann 2021), and revenue management (e.g., Gonsch 2017; Strauss
et al. 2018). Substantive themes that are covered include product line optimization
(e.g., Bechler et al. 2021; Bertsimas and Misi¢ 2019), supply chain and assortment
optimization (e.g., Roemer et al. 2023; Rusmevichientong et al. 2010), optimal pric-
ing and advertising (e.g., Broder and Rusmevichientong 2012; Cataldo and Ferrer
2017; Karray and Martin-Herran 2009; Krishnamoorthy et al. 2010; Su 2010; Schon
2010), direct Marketing and recommender systems (e.g., Aydin and Ziya 2009; Bose
and Chen 2009; Gabel and Guhl 2022; Hruschka 2010; Jagabathula et al. 2018;
Schroder and Hruschka 2016; Scholz et al. 2017). Thus, market dynamics are often
not addressed in a monolithic fashion but rather are seen as an integral component
of a wide range of substantive and methodological challenges and opportunities.
These topics are classical substantive and methodological topics, and the use of
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14 D.Guhl et al.

trending AI/ML methods seems as yet underrepresented; there are also differences
in the journals’ tastes in publishing these developments.

Second, the need for causal inferences has spawned an entire domain of research,
initially in Statistics and Economics (Pearl 2009), but increasingly embraced by
Marketing and OR in the last decade. While still somewhat underrepresented in the
OR journals, there are several examples at the Marketing/OR interface (e.g., Bokel-
mann and Lessmann 2024; Cousineau et al. 2023; Gubela et al. 2020; Haupt and
Lessmann 2021). There is untapped potential in dynamic markets, where digital
environments enable efficient experimentation for research on bandits (e.g., Rus-
mevichientong et al. 2010) and reinforcement learning (e.g., Kallus and Uehara
2022). Even with market data, quasi-experimental methods allow researchers, using
explicit assumptions, to make causal statements about the effects of policy interven-
tions (see, e.g., Gallino et al. 2023). This is crucial for firms conducting online busi-
ness and with ongoing customer relationships (e.g., online retailers, streaming plat-
forms, and apps), and a steady stream of research addresses the needs of companies
in this regard. Researchers already collaborate with companies to design and ana-
lyze field experiments to assess the causal effects of Marketing interventions (Gor-
don et al. 2019, 2023) and develop approaches for doing so in a way that has a direct
impact on Marketing practice (Malodia et al. 2023). And this is a trend that will
no doubt gain in frequency in the future. Addressing Marketing dynamics in meth-
ods such as Difference-in-Differences, Double Machine Learning, Control Function
Approaches, Synthetic Control Methods, and Regression Discontinuity Designs is
one of the ongoing challenges (Imbens 2024; Papies et al. 2023).

Third, several papers use modern ML methods to handle large datasets (i.e. many
observations or many variables) or address complex (non-linear) relationships
between variables (e.g., Blumenstock et al. 2022; Chou et al. 2021; De Caigny et al.
2018; Martinez et al. 2020; Mena et al. 2023). As ML and Deep Learning methods
continue to be developed and improved in Computer Science, this trend is likely
to continue and (partially) replace traditional statistical or econometric methods
in various domains, especially those where prediction is of paramount importance
(e.g., Gabel et al. 2019; Hruschka 2014). The explainability of calibrated ML mod-
els is crucial, especially in the field of Marketing (Rai 2020), which poses a num-
ber of challenges and remains a very active domain of current and future research
(De Bock et al. 2023). Future research is also likely to apply ML and Al to unstruc-
tured data for tasks like feature extraction, text, image, or video analysis, and as
an aid in finding new solutions to high-dimensional optimization problems. While
relatively little research has been devoted to the application of Generative Al (text,
image, and video generation using ChatGPT, Dall-E, etc.), given the potential of
these methods and their societal impact, that gap in the literature is expected to be
addressed soon.

Fourth, retailing or retail operations are a substantial area of interest for research
in Marketing and OR (Hiibner et al. 2018). An ongoing stream of research, which
has a long tradition in Marketing and OR (see Sect. 2), leverages retailer data (at the
aggregate level via checkout systems or at the individual/household level via loyalty
cards) to fit demand models (e.g., Baumgartner et al. 2018; Hruschka et al. 2002;
Lang et al. 2015; Weber et al. 2017; Weber and Steiner 2021; Wensing et al. 2018).

@ Springer



Predicting and optimizing marketing performance in dynamic... 15

This has allowed researchers to analyze the impact of the Marketing mix (e.g., price,
product, promotion, place) on consumer behavior. This stream of research has been
supported by several scanner data sets made publicly available by the retailing indus-
try. As mentioned in Sect. 2, historically, the availability of well-structured market
data has greatly contributed to this trend. Notably, the field of OR has focused on
optimizing prices, products, advertising, and assortments and enhancing overall sup-
ply-chain efficiency, including product delivery (e.g., Klein et al. 2018; Kohler et al.
2023). The increasing volume of retailing data, especially from online and multi-
channel retailers and facilitated by advances in tracking technology, is expected to
sustain interest in this area. Bayesian methods, particularly those addressing con-
sumer heterogeneity and data uncertainty, have become a mainstay for research in
this domain, and are likely to remain widespread in the future, driven by ongoing
improvements in algorithms and computing tools for better scalability (e.g., Stan
and Hamiltonian Monte Carlo, or variational inference; Carpenter et al. 2017; Jacobs
et al. 2021). Rather than a continued focus on models and algorithms, we see a trend
towards the use of this type of data and existing methodologies to address various
substantive problems in retailing. These include multi-channel retailing (Zhang et al.
2010), the customer journey (Lemon and Verhoef 2016), attribution, and sustain-
ability (Vadakkepatt et al. 2021), while addressing market dynamics across broad
ranges of brands, products, categories and assortments.

Fifth, digitalization, including online retail, smart stores, and new communica-
tion channels in virtual and augmented reality settings (Wedel et al. 2020), offers
firms more opportunities to engage with and learn from consumers, through real-
time analytics, e.g., via Al and chatbots (Ramesh and Chawla 2022). These trends
often involve personalization and recommendations, including personalized promo-
tions (Gabel and Guhl 2022; Zhang and Wedel 2009), and often require dynamic,
optimized designs for online learning, which has been applied to website morphing
(Hauser et al. 2014), adaptive conjoint designs (Sablotny-Wackershauser et al. 2024;
Sauré and Vielma 2019), and adaptive personalization of music (Chung et al. 2009),
amongst others. However, new forms of data and the ability to track consumers in
space and time also raise concerns about data privacy, competition, and consumer
trust in handling sensitive information (e.g., Bimpikis et al. 2023; Schrage et al.
2020; Tucker 2014). Research in Marketing and OR is expected to further provide
governments and firms with insights into privacy policies (see, e.g., Johnson et al.
2023; Lin 2022).

Sixth, both Marketing and OR recognize consumer behavioral biases (i.e. not
assuming the (full) rationality of decision-makers, see, e.g., DellaVigna, 2009;
Dowling et al., 2019). Marketing scholars have analyzed reference-dependent utility,
time-inconsistent preferences, and social preferences extensively (e.g., Jindal 2015;
Jung et al. 2017; Milkman et al. 2009). While much of that research has taken a
consumer psychology perspective and has been tested in lab experiments, quanti-
tative researchers have made major strides in including bounded rational behavior
in their models (e.g., Stiittgen et al. 2012; Yang et al. 2015; Yegoryan et al. 2020).
This work has revealed that these improvements may result in the predictive and
explanatory power of models that incorporate bounded rationality. OR research has
similarly addressed such “biases,” including reference prices, loss aversion, and risk
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16 D. Guhl et al.

aversion (e.g., Bertsimas and O’Hair 2013; Gonsch et al. 2018; Popescu and Wu
2007; Schlosser and Gonsch 2023), as well as non-standard decision-making pro-
cesses in the form of lexicographic choice and elimination by aspects rule (e.g., Gil-
bride and Allenby 2004, 2006; Kohli and Jedidi 2017; Kohli et al. 2019; Maldonado
et al. 2015). In many cases, such model formulations and optimization procedures
require the recognition of dynamics in consumer decision-making. Both Market-
ing and OR are expected to develop further in response to the challenges posed by
incorporating bounded rationality and rational inattention (Sims 2003) into assess-
ing and optimizing the effectiveness of the Marketing mix (e.g., Boyact and Akcay
2018; Joo 2023).

Seventh, research focusing on sustainability in both Marketing and OR shows
strong growth, stimulated by widespread concerns over climate change, air and
plastic pollution, deforestation, biodiversity loss, food waste, fast fashion, and other
environmental problems. OR explores sustainable manufacturing, waste reduction,
and energy-saving, aiming to enhance efficiency and reduce costs (e.g., Beullens
and Ghhiami 2022; Saharidis 2017; Tirkolaee et al. 2023). Marketing emphasizes
the consumer’s willingness to pay for sustainable products (e.g., Gomes et al. 2023;
Paetz and Guhl 2017; Vecchio and Annunziata 2015), various retail policies (Vad-
akkepatt et al. 2021), and even addresses degrowth (Lloveras et al. 2022). Future
research is expected to integrate the supply and demand sides holistically. Smart
devices at home (e.g., smart meters) enable consumers to understand and adapt their
behavior to the prevailing situation, providing firms with opportunities for dynamic
pricing, not only to conserve energy (Adelman and Uckun 2019; Bollinger and Hart-
mann 2019) but also to mitigate problems of food waste (Vadakkepatt et al. 2021).
Sustainability is an area with widespread implications for Marketing and OR, and
research into its antecedents and consequences has many facets of dynamics and
adaptation that are likely to generate research well into the future.

We identify these seven areas of research as domains where, in the next five to ten
years, much progress can be achieved by combining the power of Marketing meth-
ods to explain and predict market dynamics with the capabilities of OR methods to
find optimal solutions to supply chain and Marketing mix allocation problems. The
papers in the special issue may provide impetus for that future work, as explained in
the next section.

4 Papers in the special issue

All the papers submitted underwent an initial screening to assess their alignment
with the topic of this special issue (i.e. “dynamic markets”). Upon unanimous agree-
ment among guest editors to include a paper in the regular reviewing process for OR
Spectrum, we appointed two or more reviewers from the fields of Marketing and
OR. Despite the original submission deadline being set for the end of 2021, we com-
menced the reviewing process after publishing the call-for-papers at the end of sum-
mer in 2020. Recognizing the value of a diverse set of contributions, we extended
the submission deadline to the end of March 2022. This process explains the vary-
ing publication dates of the papers in this special issue. The six papers accepted
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18 D. Guhl et al.

use structured, experimental, and simulated data and employ a wide range of ana-
lytical methods, addressing different topics that are highly relevant to dynamic mar-
kets. Table 6 briefly summarizes the papers, using the same structure and format as
Tables 2, 3, 4 and 5. Next, we present each paper in greater detail.

Aschersleben and Steiner (2024) fit dynamic sales response data using a Hierar-
chical Bayesian P-Splines model that incorporates lagged prices and time-depend-
ent covariates and which accommodates heterogeneity across stores. The model
is calibrated using store-level scanner data from eight brands, in 81 stores, over
74 weeks or more. Optimal dynamic price paths are derived for each store using a
discrete Dynamic Programming algorithm that mitigates boundary price solutions.
The results show that the prices derived from the proposed dynamic approach yield
higher-than-expected profits than those derived from several benchmark models that
do not accommodate heterogeneity or dynamics. This paper exemplifies the ongoing
trend of leveraging well-structured retailer data and Bayesian methods. The com-
bination of empirical analysis with (dynamic) optimization underscores the impor-
tance of combining methods at the Marketing/OR interface and the implications that
this may have for Marketing practice, in this case, dynamic pricing. Such dynamic
pricing problems may arise in many other contexts, such as energy reduction in
smart homes and food waste reduction in retailing.

Baier and Voekler (2023) address the product-line design problem, a classi-
cal topic at the Marketing/OR interface (Bertsimas and Misi¢ 2019; Steiner 2010).
This problem remains highly relevant in practice, especially in dynamic and com-
plex markets with changing consumer preferences and many products and features.
Choosing attribute levels (e.g., flavors, ingredients, tastes) for a product line involves
customer choice behavior modeled by either a first-choice or a probabilistic choice
model, often estimated from (marketing-based) conjoint data. The purpose of the
optimization is to maximize expected overall buyers’ welfare, expected revenue,
market share, and/or profits. Given the NP-hard nature of the product-line design
problem, various heuristics have been developed over the decades (involving either
one or two stages), catering to the typically large scales of these problems encoun-
tered in practice. The authors conduct a large-scale numerical experiment, testing
different heuristics, including one-stage heuristics such as Ant Colony Optimization,
Genetic Algorithms, Particle Swarm Optimization, and Simulated Annealing across
78 small- to large-size product-line design problems, generated according to a large
sample of commercial conjoint analyses. The results are promising, with the newly
introduced heuristics outperforming established ones. Such an extensive evaluation
of algorithms is important as it provides clear directions for future research, pointing
to a limited set of algorithms that can be subject to further improvements.

Hruschka (2022) uses multivariate logit models to analyze multicategory choice
in a retailing context. The models are extended with dynamic variables based on
individual-level purchase histories for each category, incorporating category loy-
alty and time since the last purchase from the category. Including dynamic variables
improves in- and out-of-sample model fit, affecting substantive insights regarding
the effectiveness of Marketing mix variables and category interdependencies. Nota-
bly, multicategory models lacking dynamic variables tend to overestimate the effects
of Marketing mix variables on the purchase probability. This paper showcases
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ongoing research at the Marketing/OR interface, employing both econometric and
ML tools to analyze well-structured data—a crucial focus for retailers in dynamic
markets (ace, e.g., Boztug and Reutterer 2008; Gabel and Timoshenko 2022;
Hruschka 2014; Jacobs et al. 2021). This research has important implications for
Marketing practice, as it shows that overpromotion, a common problem for retailers,
may arise from not sufficiently recognizing dynamics in the data. It sets the scene for
future research that may address challenges for brick-and-mortar retailers operating
in dynamic markets.

Wamsler et al. (2023) present a novel approach for personalized promotions in
offline retailing, specifically targeting “live” promotions through in-store kiosk sys-
tems. The authors develop a targeting methodology recommending category-level
discounts based on customers’ inter-purchase times and an estimate of outside
potential, introduced as the “share-of-transactions.” Empirical comparisons with a
recency, frequency, and monetary-value-based benchmark using loyalty-program
and observational data reveal significant improvements in revenues, redemption
rates, and frequency of purchasing. The paper utilizes a Bayesian category-level
inter-purchase-time model, which addresses a critical incomplete data challenge
for retailers, which is that information from their stores is available but not from
competitors. Their Bayesian approach, augmented with real-time dynamic variables,
aligns well with current Marketing/OR interface trends regarding digitalization, per-
sonalization, missing information, and turbulent markets. It is important because it
addresses the issue of the effectiveness of offline promotions and points to the role
redemption rates (Zhang and Wedel 2009). It sets the scene for future research at the
Marketing/OR interface that seeks to improve personalization not only online but
also in brick-and-mortar stores.

Weinmayer et al. (2023) study the dynamic impact of firms’ environmental,
social, and governance performance on their advertising efficiency. They use a two-
step procedure scrutinizing ten years of data from almost 200 US firms across five
industry sectors. The first step employs a multi-directional efficiency analysis to
determine relative firm-level advertising efficiency scores. The second step involves
a time-fixed effects panel regression and a three-level regression to investigate the
impact of environmental, social, and governance activities on advertising efficiency.
Their extensive analysis reveals the nuanced impact of corporate sustainability per-
formance on advertising efficiency, showcasing variations across both time and
industry sectors. The authors underscore the significance of consumer expectations
in shaping this intricate relationship. This paper is an exemplary contribution to sus-
tainability-focused research at the Marketing/OR interface, demonstrating the role
played by advanced modeling techniques in teasing out the intricate effects of sus-
tainability efforts on Marketing mix effectiveness. This paper thus aligns seamlessly
with the trend identified and highlighted in the preceding subsection and may lead to
further research on sustainability.

Yang and Wu (2022) examine the market dynamics between two firms in the pres-
ence of consumer switching costs. Switching costs are a crucial factor in dynamic
markets. This research aligns with the trend towards service and platform business
models. Using a dynamic game framework and a discrete choice model, the study
considers switching costs related to customer transitions or product incompatibility.
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The authors validate their findings with a simulation study, revealing that the impact
of switching costs depends on a firm’s market position. Larger firms benefit more,
while smaller firms are motivated to reduce switching costs. While recognizing state
dependence in consumer behavior has a history in Marketing and Economics (e.g.,
Keane 1997), optimizing the Marketing mix under these dynamics poses challenges
(e.g., Dubé et al. 2009). Thus, applying OR tools to derive optimal solutions for
firms in this context is a valuable contribution. This research also exemplifies the
role that game theory has to play in addressing complex strategic Marketing prob-
lems and highlights the use of multi-method approaches to these problems.

In summary, the papers in this special issue exemplify research incorporating
various elements of our proposed framework, employing innovative Marketing data,
multiple data sources, and modern methods from different disciplines, including
OR, Statistics, Econometrics, and Computer Science. Their collective objective is to
enhance our understanding of market dynamics and shifts, and their consequences
for the behavior of firms. Importantly, these papers address diverse forms of market
dynamics in various research domains at the intersection between Marketing and
OR.

5 Conclusion, discussion, and future outlook

In the face of turbulent dynamics and market shifts caused by natural, social, and
technological changes, this special issue focuses on novel Marketing data and mod-
ern methodologies from OR, Statistics, Econometrics, and/or Computer Science that
help companies respond to these market dynamics more efficiently. Future research
building on the work presented in this special issue may incorporate models and
methods that account for dynamics (e.g., dynamic linear models, vector autoregres-
sion, or hidden Markov models) and market shifts (e.g., regime-switching models),
uncertainty (e.g., Bayesian learning, dynamic discrete choice models, Dynamic Pro-
gramming), as well as heterogeneity (e.g., Bayesian hierarchical modeling). These
will combine with methods from OR (e.g., Linear Programming, Optimization,
Simulation, Greedy algorithms, Game theory) that enable one to derive optimal
solutions to difficult problems such as dynamic pricing, the personalization of pro-
motions, and product-line design. In addition, developments in AI/ML, particularly
such methods as Random Forests, Topic modeling, and Deep Learning, have begun
to realize their potential in large-scale prediction and optimization problems in Mar-
keting and other fields of business. This special issue presents research that involves
large-scale applications directly relevant to business practice in various industries.
The six articles in this special issue display the wide range of data, methods, and
applications of the Marketing/OR interface, showcasing a representative sample of
research on market dynamics at the Marketing/OR interface. However, our review
of the history and literature highlights that the fields of Marketing and OR, after an
initial period of convergence, seem to be currently diverging rather than converging.
The cross-citation counts in Table 1 support this conclusion. Nonetheless, methods
from OR (e.g., Linear Programming) have become part of the standard toolkit of
Marketing researchers, and researchers in OR commonly use methods developed in
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Marketing (e.g., choice modeling and conjoint analysis), which may not show up
in cross-citation data. At the same time, there is a common growing trend towards
using ML/AI methods, causal inference, and unstructured data in both academic
fields, which may result in convergence between the fields in terms of methodol-
ogy. Part of the reason for a divergence may be the increasing level of specializa-
tion in both fields. While cross-discipline citation occurs, there are ample opportu-
nities to further strengthen this connection: researchers in Marketing could benefit
from more recent developments in the use of, for example, Al in optimization and
simulation, while those in OR could benefit from the latest developments in choice
modeling, conjoint design and analysis, and the use of large unstructured data sets
now commonly available in (digital) Marketing. An undesirable potential for further
divergence of the two fields underlines the importance of the current special issue at
the Marketing/OR interface. We hope that the articles in this special issue stimulate
researchers to take a fresh look at the large value offered by integrating or combin-
ing methods from Marketing and OR, especially in the context of market dynam-
ics. Both fields (i.e. Marketing and OR) are able to contribute extensively to under-
standing or steering firm behavior in the face of market turbulence. However, as the
articles in the special issue show, combining these methods yields many additional
benefits. As the level of specialization in both fields increases, an efficient route to
realizing these benefits is for researchers from both fields to collaborate. Common
trends at the Marketing/OR interface regarding the use of ML/AI methods, causal
inference, and large amounts of available (unstructured) data can serve as a catalyst
for further cross-fertilization and collaboration. Such collaboration has the potential
to yield both profound insights into market dynamics and prescriptions for the opti-
mal behavior of firms in the face of such dynamics. In addition, for both researchers
from Marketing and OR, it would provide opportunities for new research directions
and to tackle some of the main challenges currently faced by consumers, firms, and
society as a whole.
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