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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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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 (IJRM), 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.1

The 2 × 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 

Table 1   Citation analysis Percentage 
of papers 
in ...

...citing papers from ...

IJRM JMR MKSC QME EJOR OPRE ORSP

IJRM 74.1 88.9 68.8 15.5 4.4 2.3 0.5
JMR 33.1 94.6 70.3 18.3 2.3 2.1 0.3
MKSC 23.1 86.6 96.4 40.2 3.4 10.0 0.2
QME 17.3 71.9 87.8 54.0 3.6 4.3 0.0
EJOR 1.7 4.3 8.0 0.9 94.5 51.3 12.1
OPRE 1.3 5.2 10.0 1.1 38.5 85.3 2.9
ORSP 2.6 4.9 4.7 1.4 89.4 60.2 50.1

1  We compiled data from Scopus (https://​www.​scopus.​com) and only used papers published since 2013.

https://www.scopus.com
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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 

Fig. 1   Framework of data and methods for dynamic markets; inspired by Wedel and Kannan (2016)
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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)2 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

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://​schol​ar.​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 
Martínez 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., Gönsch 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., Boztuğ 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, MartínezdeAlbéniz 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. 

https://scholar.google.com/
https://scholar.google.com/
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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., Boztuğ 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; Martínez 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., Díaz 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., Gönsch 2017; Strauss 
et al. 2018). Substantive themes that are covered include product line optimization 
(e.g., Bechler et al. 2021; Bertsimas and Mis̆ić 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 Martín-Herrán 2009; Krishnamoorthy et al. 2010; Su 2010; Schön 
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; 
Schröder 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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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; Martínez 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 AI 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 AI (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 (Hübner 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). 



15

1 3

Predicting and optimizing marketing performance in dynamic…

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; Köhler 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 AI 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., Stüttgen 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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aversion (e.g., Bertsimas and O’Hair 2013; Gönsch et  al. 2018; Popescu and Wu 
2007; Schlosser and Gönsch 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., Boyacı and Akçay 
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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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 Mis̆ić 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 (aee, e.g., Boztuğ 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, AI 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.

Acknowledgements  We would like to extend our profound thanks to the current Editor-in-Chief, Guido 
Voigt, and the former Editor-in-Chief, Rainer Kolisch, for allowing us to guest-edit this special issue. 
We also thank the various diligent reviewers whose valuable insights helped us select the papers. Fur-
thermore, we acknowledge the insights provided by stimulating discussions and constructive feedback 
received during conferences and workshops. Special thanks are extended to the organizers of EMAC 
2021 and DSSV-ECDA 2021 for allowing us to coordinate special sessions related to this special issue, 
including invited talks from Norris Bruce, Sahar Hemmati, and Robert Rooderkerk. We also benefited 
from the comments by Jochen Gönsch, Harald Hruschka, Stefan Lessmann, Anna Schulz, and Narine 
Yegoryan. Maria Lord helped with the copy editing of this paper. Daniel Guhl gratefully acknowledges 
the financial support from the German Research Foundation (DFG) through CRC TRR 190 (Project 
Number 280092119). All authors contributed equally to the project.

Funding  Open Access funding enabled and organized by Projekt DEAL.

Open Access  This article is licensed under a Creative Commons Attribution 4.0 International License, 
which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as 
you give appropriate credit to the original author(s) and the source, provide a link to the Creative Com-
mons licence, and indicate if changes were made. The images or other third party material in this article 
are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is 
not permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission 



22	 D. Guhl et al.

1 3

directly from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/
licenses/by/4.0/.

References

Adelman D, Uckun C (2019) Dynamic electricity pricing to smart homes. Oper Res 67(6):1520–1542
Aravindakshan A, Naik P (2015) Understanding the memory effects in pulsing advertising. Oper Res 

63(1):35–47
Aschersleben P, Steiner WJ (2024) Dynamic pricing using flexible heterogeneous sales response models. 

OR Spectrum. https://​doi.​org/​10.​1007/​s00291-​024-​00756-0 (this issue)
Aydin G, Ziya S (2009) Personalized dynamic pricing of limited inventories. Oper Res 

57(6):1523–1531
Baier D, Voekler S (2023) One-stage product-line design heuristics: An empirical comparison. OR 

Spectrum. https://​doi.​org/​10.​1007/​s00291-​023-​00716-0
Baumgartner B, Guhl D, Kneib T, Steiner WJ (2018) Flexible estimation of time-varying effects for 

frequently purchased retail goods: a modeling approach based on household panel data. OR 
Spectrum 40:837–873

Bechler G, Steinhardt C, Mackert J, Klein R (2021) Product line optimization in the presence of pref-
erences for compromise alternatives. Eur J Oper Res 288(3):902–917

Bengio Y, Lodi A, Prouvost A (2021) Machine learning for combinatorial optimization: A methodo-
logical tour D’horizon. Eur J Oper Res 290(2):405–421

Bertsimas D, Mis̆ić V (2019) Exact first-choice product line optimization. Oper Res 67(3):1–19
Bertsimas D, O’Hair A (2013) Learning preferences under noise and loss aversion: An optimization 

approach. Oper Res 61(5):1190–1199
Beullens P, Ghhiami Y (2022) Waste reduction in the supply chain of a deteriorating food item–

impact of supply structure on retailer performance. Eur J Oper Res 300(3):1017–1034
Bimpikis K, Morgenstren I, Saban D (2023) Data Tracking Under Competition. Oper Res. https://​doi.​

org/​10.​1287/​opre.​2023.​2489
Blumenstock G, Lessmann S, Seow HV (2022) Deep learning for survival and competing risk model-

ling. J Oper Res Soc 73(1):26–38
Bokelmann B, Lessmann S (2024) Improving uplift model evaluation on randomized controlled trial 

data. Eur J Oper Res 313(2):691–707
Bollinger BK, Hartmann W (2019) Information vs. automation and implications for dynamic pricing. 

Manage Sci 66(1):290–314
Bose I, Chen X (2009) Quantitative models for direct marketing: A review from systems perspective. 

Eur J Oper Res 195(1):1–16
Boyacı T, Akçay Y (2018) Pricing when customers have limited attention. Manage Sci 

64(7):2995–3014
Boztuğ Y, Reutterer T (2008) A combined approach for segment-specific market basket analysis. Eur J 

Oper Res 187(1):294–312
Boztuğ Y, Hildebrandt L, Raman K (2014) Detecting price thresholds in choice models using a semi-

parametric approach. OR Spectrum 36:187–207
Broder J, Rusmevichientong P (2012) Dynamic pricing under a general parametric choice model. Oper 

Res 60(4):965–980
Bruce N, Krishnamoorthy A, Prasad A (2022) Advertising cycling to manage exclusivity loss in fashion 

styles. Oper Res 70(6):3125–3142
Bult JR, Wansbeek T (1995) Optimal selection for direct mail. Mark Sci 14(4):378–394
Carpenter B, Gelman A, Hoffman MD, Lee D, Goodrich B, Betancourt M, Brubaker M, Guo J, Li P, Rid-

dell A (2017) Stan: A probabilistic programming language. J Stat Softw 76:1–32
Cataldo A, Ferrer J (2017) Optimal pricing and composition of multiple bundles: A two-step approach. 

Eur J Oper Res 259(2):766–777
Chen Z, Fan Z, Sun M (2019) Individual-level social influence identification in social media: A learning-

simulation coordinated method. Eur J Oper Res 273(3):1005–1015
Chongwatpol J (2015) Integration of RFID and business analytics for trade show exhibitors. Eur J Oper 

Res 244(2):662–673

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1007/s00291-024-00756-0
https://doi.org/10.1007/s00291-023-00716-0
https://doi.org/10.1287/opre.2023.2489
https://doi.org/10.1287/opre.2023.2489


23

1 3

Predicting and optimizing marketing performance in dynamic…

Chou P, Chuang H, Chou Y, Liang T (2021) Predictive analytics for customer repurchase: Interdiscipli-
nary integration of buy till you die modelling and machine learning. Eur J Oper Res 296(2):1–17

Chung TS, Rust RT, Wedel M (2009) My mobile music: An adaptive personalization system for digital 
audio players. Mark Sci 28(1):52–68

Cousineau M, Verter V, Murphy AS, Pineau J (2023) Estimating causal effects with optimization-based 
methods. Eur J Oper Res 304(2):367–380

De Bock KW, Coussement K, De Caigny A, Słowiński R, Baesens B, Boute RN, Choi TM, Delen D, 
Kraus M, Lessmann S, Maldonado S, Martens D, Óskarsdóttir M, Vairetti C, Verbeke W, Weber R 
(2023) Explainable AI for operational research: A defining framework, methods, applications, and 
a research agenda. Eur J Oper Res. https://​doi.​org/​10.​1016/j.​ejor.​2023.​09.​026

De Caigny A, Coussement K, De Bock K (2018) A new hybrid classification algorithm for customer 
churn prediction based on logistic regression and decision trees. Eur J Oper Res 269(2):760–772

DellaVigna S (2009) Psychology and economics: Evidence from the field. J Econ Liter 47(2):315–372
Díaz V, Montoya R, Maldonado S (2023) Preference estimation under bounded rationality: Identification 

of attribute non-attendance in stated-choice data using a support vector machines approach. Eur J 
Oper Res 304(2):797–812

Dorfman R, Steiner PO (1954) Optimal advertising and optimal quality. Am Econ Rev 44(5):826–836
Dowling K, Guhl D, Klapper D, Spann M, Stich L, Yegoryan N (2019) Behavioral biases in marketing. J 

Acad Mark Sci 48(3):449–477
Dubé JP, Hitsch GJ, Rossi PE (2009) Do switching costs make markets less competitive? J Mark Res 

46(4):435–445
Falke A, Hruschka H (2017) A Monte Carlo study of design-generating algorithms for the latent class 

mixed logit model. OR Spectrum 39:1035–1053
Fikar C, Mild A, Waitz M (2019) Facilitating consumer preferences and product shelf life data in the 

design of e-grocery deliveries. Eur J Oper Res 294(3):1–35
Gabel S, Guhl D (2022) Comparing the effectiveness of rewards and individually targeted coupons in 

loyalty programs. J Retail 98(3):395–411
Gabel S, Timoshenko A (2022) Product choice with large assortments: A scalable deep-learning model. 

Manage Sci 68(3):1808–1827
Gabel S, Guhl D, Klapper D (2019) P2V-MAP: Mapping market structures for large retail assortments. J 

Mark Res 56(4):557–580
Gallino S, Karacaoglu N, Moreno A (2023) Need for speed: The impact of in-process delays on customer 

behavior in online retail. Oper Res 71(3):876–894
Gensler S, Hinz O, Skiera B, Theysohn S (2012) Willingness-to-pay estimation with choice-based con-

joint analysis: Addressing extreme response behavior with individually adapted designs. Eur J 
Oper Res 219(2):368–378

Gilbride TJ, Allenby GM (2004) A choice model with conjunctive, disjunctive, and compensatory 
screening rules. Mark Sci 23(3):391–406

Gilbride TJ, Allenby GM (2006) Estimating heterogeneous EBA and economic screening rule choice 
models. Mark Sci 25(5):494–509

Gomes S, Lopes JM, Nogueira S (2023) Willingness to pay more for green products: A critical challenge 
for Gen Z. J Clean Prod 390:136092

Gordon BR, Zettelmeyer F, Bhargava N, Chapsky D (2019) A comparison of approaches to advertising 
measurement: Evidence from big field experiments at Facebook. Mark Sci 38(2):193–225

Gordon BR, Moakler R, Zettelmeyer F (2023) Close enough? A large-scale exploration of non-experi-
mental approaches to advertising measurement. Mark Sci 42(4):768–793

Green PE, Srinivasan V (1990) Conjoint analysis in marketing research: New developments and direc-
tions. J Mark 54(4):3–19

Grothe O, Nickel S, Rebennack S, Stein O (2023) In: Operations Research Proceedings 2022: Selected 
Papers of the Annual International Conference of the German Operations Research Society (GOR), 
Karlsruhe, Germany, September 6–9, 2022. Springer

Guadagni PM, Little JD (1983) A logit model of brand choice calibrated on scanner data. Mark Sci 
2(3):203–238

Gubela R, Lessmann S, Jaroszewicz S (2020) Response transformation and profit decomposition for rev-
enue uplift modeling. Eur J Oper Res 283(2):647–661

Guhl D (2019) Addressing endogeneity in aggregate logit models with time-varying parameters for opti-
mal retail-pricing. Eur J Oper Res 277(2):684–698

https://doi.org/10.1016/j.ejor.2023.09.026


24	 D. Guhl et al.

1 3

Guhl D, Baumgartner B, Kneib T, Steiner WJ (2018) Estimating time-varying parameters in brand choice 
models: A semiparametric approach. Int J Res Mark 35(3):394–414

Gönsch J (2017) A survey on risk-averse and robust revenue management. Eur J Oper Res 263(2):337–348
Gönsch J, Hassler M, Schur R (2018) Optimizing conditional value-at-risk in dynamic pricing. OR Spec-

trum 40:711–750
Haupt J, Lessmann S (2021) Targeting customers under response-dependent costs. Eur J Oper Res 

297(1):1–39
Hauser JR, Liberali G, Urban GL (2014) Website morphing 2.0: Switching costs, partial exposure, ran-

dom exit, and when to morph. Manage Sci 60(6):1594–1616
Hauser M, Flath C, Thiesse F (2020) Catch me if you scan: Data-driven prescriptive modeling for smart 

store environments. Eur J Oper Res 294(3):1–14
Hein M, Goeken N, Kurz P, Steiner WJ (2022) Using hierarchical Bayes draws for improving shares of 

choice predictions in conjoint simulations: A study based on conjoint choice data. Eur J Oper Res 
297(2):630–651

Hruschka H (2010) Considering endogeneity for optimal catalog allocation in direct marketing. Eur J 
Oper Res 206(1):239–247

Hruschka H (2014) Analyzing market baskets by restricted Boltzmann machines. OR Spectrum 
36(1):209–228

Hruschka H (2022) Relevance of dynamic variables in multicategory choice models. OR Spectrum. 
https://​doi.​org/​10.​1007/​s00291-​022-​00690-z (this issue)

Hruschka H, Fettes W, Probst M, Mies C (2002) A flexible brand choice model based on neural net meth-
odology: A comparison to the linear utility multinomial logit model and its latent class extension. 
OR Spectrum 24:127–143

Hübner A, Amorim P, Kuhn H, Minner S, Van Woensel T (2018) Retail operations. OR Spectrum 
40:831–835

Imbens GW (2024) Causal Inference in the Social Sciences. Annual Rev Stat Appl. https://​doi.​org/​10.​
1146/​annur​ev-​stati​stics-​033121-​114601

Jacobs B, Fok D, Donkers B (2021) Understanding large-scale dynamic purchase behavior. Mark Sci 
40(5):844–870

Jagabathula S, Subramanian L, Venkataraman A (2018) A model-based embedding technique for seg-
menting customers. Oper Res 66(5):1247–1267

Jindal P (2015) Risk preferences and demand drivers of extended warranties. Mark Sci 34(1):39–58
Johnson GA, Shriver SK, Goldberg SG (2023) Privacy and market concentration: Intended and unin-

tended consequences of the GDPR. Manage Sci 69(10):5695–5721
Joo J (2023) Rational inattention as an empirical framework for discrete choice and consumer-welfare 

evaluation. J Mark Res 60(2):278–298
Jung MH, Nelson LD, Gneezy U, Gneezy A (2017) Signaling virtue: Charitable behavior under con-

sumer elective pricing. Mark Sci 36(2):187–194
Kallus N, Uehara M (2022) Efficiently breaking the curse of horizon in off-policy evaluation with double 

reinforcement learning. Oper Res 70(6):3282–3302
Kalouptsidis N, Psaraki V (2010) Approximations of choice probabilities in mixed logit models. Eur J 

Oper Res 200(2):529–535
Kaluza I, Voigt G, Paetz F (2023) Empirical studies on the impact of booking status on customers’ choice 

behavior in online appointment systems. J Bus Econ 94(2):187–224
Karray S, Martín-Herrán G (2009) A dynamic model for advertising and pricing competition between 

national and store brands. Eur J Oper Res 193(2):451–467
Keane M (1997) Modeling heterogeneity and state dependence in consumer choice behavior. J Business 

Econ Stat 15(3):310–327
Ketzenberg M, Oliva R, Wang Y, Webster S (2022) Retailer inventory data sharing in a fresh product sup-

ply chain. Eur J Oper Res 307(2):680–693
Khare A, He Q, Batta R (2020) Predicting gasoline shortage during disasters using social media. OR 

Spectrum 42:639–726
Klein R, Mackert J, Neugebauer M, Steinhardt C (2018) A model-based approximation of opportunity 

cost for dynamic pricing in attended home delivery. OR Spectrum 40:969–996
Kohli R, Jedidi K (2017) Relation between EBA and nested logit models. Oper Res 65(3):621–634
Kohli R, Boughanmi K, Kohli V (2019) Randomized algorithms for lexicographic inference. Oper Res 

67(2):357–375
Kotler P (1971) Marketing decision making: A model-building approach. Holt, Rinehart and Winston

https://doi.org/10.1007/s00291-022-00690-z
https://doi.org/10.1146/annurev-statistics-033121-114601
https://doi.org/10.1146/annurev-statistics-033121-114601


25

1 3

Predicting and optimizing marketing performance in dynamic…

Krishnamoorthy A, Prasad A, Sethi S (2010) Optimal pricing and advertising in a durable-good duopoly. 
Eur J Oper Res 200(2):486–497

Köhler C, Campbell A, Ehmke J (2023) Data-driven customer acceptance for attended home delivery. OR 
Spectrum. https://​doi.​org/​10.​1007/​s00291-​023-​00712-4

Lang S, Steiner WJ, Weber A, Wechselberger P (2015) Accommodating heterogeneity and nonlinearity 
in price effects for predicting brand sales and profits. Eur J Oper Res 246(1):232–241

Lemon KN, Verhoef PC (2016) Understanding customer experience throughout the customer journey. J 
Mark 80(6):69–96

Lilien G, Kotler P (1983) Marketing Decision Making: A Model-Building Approach. Harper & Row, 
University of Michigan

Lilien G, Rangaswamy A (2004) Marketing engineering: Computer-assisted marketing analysis and plan-
ning. Trafford Publishing, Canada

Lilien G, Kotler P, Moorthy K (1992) Marketing Models. Prentice-Hall, New Jersey
Lin T (2022) Valuing intrinsic and instrumental preferences for privacy. Mark Sci 41(4):663–681
Little J (1970) Models and managers: The concept of a decision calculus. Manage Sci 16(8):466–485
Liu J, Chen J, Bo R, Meng F, Xu Y, Li P (2022) Increases or discounts: Price on customers’ patience 

times. Eur J Oper Res 305(2):722–737
Lloveras J, Marshall AP, Vandeventer JS, Pansera M (2022) Sustainability marketing beyond sustainable 

development: Towards a degrowth agenda. J Mark Manag 38(17–18):2055–2077
Maldonado S, Montoya R, Weber R (2015) Advanced conjoint analysis using feature selection via sup-

port vector machines. Eur J Oper Res 241(2):564–574
Malodia S, Dhir A, Hasni MJS, Srivastava S (2023) Field experiments in marketing research: A system-

atic methodological review. Eur J Mark 57(7):1939–1965
Mantrala MK, Sinha P, Zoltners AA (1994) Structuring a multiproduct sales quota-bonus plan for a het-

erogeneous sales force: A practical model-based approach. Mark Sci 13(2):121–144
Martínez A, Schmuck C, Pereverzyev S Jr, Parker C, Haltmeier M (2020) A machine learning framework 

for customer purchase prediction in the non-contractual setting. Eur J Oper Res 281(3):588–596
MartínezdeAlbéniz V, Belkaid A (2020) Here comes the sun: Fashion goods retailing under weather fluc-

tuations. Eur J Oper Res 294(3):1–11
Mena G, Coussement K, De Bock KW, De Caigny A, Lessmann S (2023) Exploiting time-varying RFM 

measures for customer churn prediction with deep neural networks. Ann Oper Res. https://​doi.​org/​
10.​1007/​s10479-​023-​05259-9

Méndez-Vogel G, Marianov V, Lüer-Villagra A, Eiselt HA (2023) Store location with multipurpose shop-
ping trips and a new random utility customers’ choice model. Eur J Oper Res 305(2):708–721

Milkman KL, Rogers T, Bazerman MH (2009) Highbrow films gather dust: Time-inconsistent prefer-
ences and online DVD rentals. Manage Sci 55(6):1047–1059

Morrow WR, Skerlos SJ (2011) Fixed-point approaches to computing Bertrand-Nash equilibrium prices 
under mixed-logit demand. Oper Res 59(2):328–345

Musalem A, Olivares M, Yung D (2023) Balancing agent retention and waiting time in service platforms. 
Oper Res 71(3):979–1003

Naert P, Leeflang P (1978) Building Implementable Marketing Models. Springer, New York
Paetz F, Guhl D (2017) Understanding differences in segment-specific willingness-to-pay for the fair 

trade label. Marketing ZFP-J Res Manag 39(4):37–46
Paetz F, Steiner W (2017) The benefits of incorporating utility dependencies in finite mixture probit mod-

els. OR Spectrum 39:747–819
Pancras J (2011) The nested consideration model: Investigating dynamic store consideration sets and 

store competition. Eur J Oper Res 214(2):340–347
Papies D, Ebbes P, Feit EM (2023) Endogeneity and causal inference in marketing. In: Winer RS, Neslin 

SA (eds) The History of Marketing Science. World Scientific, Singapore
Parson L, Schultz R (1976) Marketing Models and Econometric Research. North-Holland, New York
Parsons LJ, Bass FM (1971) Optimal advertising-expenditure implications of a simultaneous-equation 

regression analysis. Oper Res 19(3):822–831
Pearl J (2009) Causal inference in statistics: An overview. Stat Surv 3:96–146
Popescu I, Wu Y (2007) Dynamic pricing strategies with reference effects. Oper Res 55(3):413–429
Rai A (2020) Explainable AI: From black box to glass box. J Acad Mark Sci 48:137–141
Ramesh A, Chawla V (2022) Chatbots in marketing: A literature review using morphological and co-

occurrence analyses. J Interact Mark 57(3):472–496

https://doi.org/10.1007/s00291-023-00712-4
https://doi.org/10.1007/s10479-023-05259-9
https://doi.org/10.1007/s10479-023-05259-9


26	 D. Guhl et al.

1 3

Roemer N, Müller S, Voigt G (2023) A choice-based optimization approach for contracting in supply 
chains. Eur J Oper Res 305(1):1–35

Rusmevichientong P, Shen ZJ, Shmoys D (2010) Dynamic assortment optimization with a multinomial 
logit choice model and capacity constraint. Oper Res 58(6):1666–1680

Sablotny-Wackershauser V, Lichters M, Guhl D, Bengart P, Vogt B (2024) Crossing incentive alignment 
and adaptive designs in choice-based conjoint: A fruitful endeavor. J Acad Mark Sci. https://​doi.​
org/​10.​1007/​s11747-​023-​00997-5

Saharidis GKD (2017) Operational research in energy and environment. Oper Res Int Journal 
69(17):693–696

Salé RS, Mesak HI, Inman RA (2017) A dynamic marketing-operations interface model of new product 
updates. Eur J Oper Res 257(1):233–242

Sauré D, Vielma JP (2019) Ellipsoidal methods for adaptive choice-based conjoint analysis. Oper Res 
67(2):315–338

Schlosser R, Gönsch J (2023) Risk-averse dynamic pricing using mean-semivariance optimization. Eur J 
Oper Res 310(3):1151–1163

Scholz M, Dorner V, Schryen G, Benlian A (2017) A configuration-based recommender system for sup-
porting e-commerce decisions. Eur J Oper Res 259(1):205–215

Schön C (2010) On the product line selection problem under attraction choice models of consumer 
behavior. Eur J Oper Res 206(1):260–264

Schrage R, Kenning P, Guhl D, Gabel S (2020) Price personalisation technology in retail stores: Examin-
ing the role of users’ trust. Proceedings of the 41st International Conference on Information Sys-
tems (ICIS), India. https://​aisel.​aisnet.​org/​icis2​020/​imple​ment_​adopt/​imple​ment_​adopt/7

Schröder N, Hruschka H (2016) Investigating the effects of mailing variables and endogeneity on mailing 
decisions. Eur J Oper Res 250(2):579–589

Silberhorn N, Boztuǵ Y, Hildebrandt L (2008) Estimation with the nested logit model: Specifications and 
software particularities. OR Spectrum 30(4):635–653

Sims CA (2003) Implications of rational inattention. J Monet Econ 50(3):665–690
Steiner WJ (2010) A Stackelberg-Nash model for new product design. OR Spectrum 32(1):21–48
Strauss AK, Klein R, Steinhardt C (2018) A review of choice-based revenue management: Theory and 

methods. Eur J Oper Res 271(2):375–387
Stüttgen P, Boatwright P, Monroe RT (2012) A satisficing choice model. Marketing Sci 31(6):878–899
Su X (2010) Intertemporal pricing and consumer stockpiling. Oper Res 58(4):1133–1147
Tao J, Dai H, Chen W, Jiang H (2022) The value of personalized dispatch in O2O on-demand delivery 

services. Eur J Oper Res 304(3):1022–1035
Tirkolaee EB, Goli A, Gütmen S, Weber GW, Szwedzka K (2023) A novel model for sustainable waste 

collection arc routing problem: Pareto-based algorithms. Ann Oper Res 324(1–2):189–214
Tucker CE (2014) Social networks, personalized advertising, and privacy controls. J Mark Res 

51(5):546–562
Vadakkepatt GG, Winterich KP, Mittal V et al (2021) Sustainable retailing. J Retail 97(1):62–80
Van Ryzin G, Vulcano G (2017) Technical note-An expectation-maximization method to estimate a rank-

based choice model of demand. Oper Res 65(2):396–407
Vecchio R, Annunziata A (2015) Willingness-to-pay for sustainability-labelled chocolate: An experimen-

tal auction approach. J Clean Prod 86:335–342
Wamsler J, Vuckovac D, Natter M, Ilic A (2023) Live shopping promotions: Which categories should a 

retailer discount to shoppers already in the store? OR Spectrum. https://​doi.​org/​10.​1007/​s00291-​
022-​00685-w (this issue)

Wang R (2021) Technical note-consumer choice and market expansion: Modeling, optimization, and esti-
mation. Oper Res 69(4):1044–1056

Weber A, Steiner WJ (2021) Modeling price response from retail sales: An empirical comparison of 
models with different representations of heterogeneity. Eur J Oper Res 294(3):843–859

Weber A, Steiner WJ, Lang S (2017) A comparison of semiparametric and heterogeneous store sales 
models for optimal category pricing. OR Spectrum 39:403–445

Wedel M, Kannan P (2016) Marketing analytics for data-rich environments. J Mark 80(6):97–121
Wedel M, Bigné E, Zhang J (2020) Virtual and augmented reality: Advancing research in consumer mar-

keting. Int J Res Mark 37(3):443–465
Weinmayer K, Garaus M, Wagner U (2023) The impact of corporate sustainability performance on adver-

tising efficiency. OR Spectrum. https://​doi.​org/​10.​1007/​s00291-​023-​00717-z (this issue)

https://doi.org/10.1007/s11747-023-00997-5
https://doi.org/10.1007/s11747-023-00997-5
https://aisel.aisnet.org/icis2020/implement_adopt/implement_adopt/7
https://doi.org/10.1007/s00291-022-00685-w
https://doi.org/10.1007/s00291-022-00685-w
https://doi.org/10.1007/s00291-023-00717-z


27

1 3

Predicting and optimizing marketing performance in dynamic…

Wensing T, Sternbeck MG, Kuhn H (2018) Optimizing case-pack sizes in the bricks-and-mortar retail 
trade. OR Spectrum 40(10):913–944

Winer R, Neslin S (2014) The History of Marketing Science. World Scientific - Now Publishers Series in 
Business 3

Woodside A (2013) Moving beyond multiple regression analysis to algorithms: Calling for adoption of a 
paradigm shift from symmetric to asymmetric thinking in data analysis and crafting theory. J Bus 
Res 66(4):463–472

Yang L, Toubia O, De Jong MG (2015) A bounded rationality model of information search and choice in 
preference measurement. J Mark Res 52(2):166–183

Yang Y, Wu CH (2022) Competition and market dynamics in duopoly: The effect of switching costs. OR 
Spectrum. https://​doi.​org/​10.​1007/​s00291-​022-​00669-w (this issue)

Yegoryan N, Guhl D, Klapper D (2020) Inferring attribute non-attendance using eye tracking in choice-
based conjoint analysis. J Bus Res 111:290–304

Zadeh L (1965) Fuzzy sets. Inf Control 8(3):338–353
Zhang J, Krishnamurthi L (2004) Customizing promotions in online stores. Mark Sci 23(4):561–578
Zhang J, Wedel M (2009) The effectiveness of customized promotions in online and offline stores. J Mark 

Res 46(2):190–206
Zhang J, Farris PW, Irvin JW, Kushwaha T, Steenburgh TJ, Weitz BA (2010) Crafting integrated multi-

channel retailing strategies. J Interact Mark 24(2):168–180
Zhang JZ, Chang CW (2021) Consumer dynamics: Theories, methods, and emerging directions. J Acad 

Mark Sci 49:166–196

Publisher’s Note  Springer Nature remains neutral with regard to jurisdictional claims in published maps 
and institutional affiliations.

Authors and Affiliations

Daniel Guhl1 · Friederike Paetz2 · Udo Wagner3 · Michel Wedel4

 *	 Friederike Paetz 
	 friederike.paetz@tu-clausthal.de

	 Daniel Guhl 
	 daniel.guhl@hu-berlin.de

	 Udo Wagner 
	 udo.wagner@univie.ac.at

	 Michel Wedel 
	 mwedel@umd.edu

1	 Humboldt University Berlin, Berlin, Germany
2	 Clausthal University of Technology, Clausthal‑Zellerfeld, Germany
3	 University of Vienna and Modul University of Vienna, Vienna, Austria
4	 University of Maryland, College Park Maryland, USA

https://doi.org/10.1007/s00291-022-00669-w

	Predicting and optimizing marketing performance in dynamic markets
	Abstract
	1 Introduction
	2 The history of the marketingOR interface
	3 Recent OR literature on market dynamics
	4 Papers in the special issue
	5 Conclusion, discussion, and future outlook
	Acknowledgements 
	References




