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Abstract

This study assesses how Data-Driven Decision-Making (DDDM) impacts marketing prac-
tices and research. Using the PRISMA 2020 protocol, this research conducted systematic
reviews of 94 peer-reviewed articles and utilized bibliometric and thematic analyses. From
this, four major themes emerged: improvement in the customer experience via the person-
alization of marketing; marketing driven by innovation through data resource versatility,
Machine Learning, analytics, and Artificial Intelligence; performance enhancement through
the optimal allocation of resources; and the data governance and ethical use of such re-
sources, and the use of such data resources. This study illustrates how the combination of
multi-level theory and methodical stricture accounts for the systemic influence of DDDM in
marketing. This study adds to these theories by proposing a cohesive and synthesized un-
derstanding of the interplay of the technological, organizational, and governance elements
in data-driven marketing. This research provides organizations with actionable guidance
aimed at increasing effective analytics-driven decision-making, while also ensuring the
responsible use of data.

Keywords: data-driven decision-making; marketing; systematic literature review;
bibliometric analysis; PRISMA; systemic framework

1. Introduction
Data-driven decision-making consists of utilizing quantitative information, methods

of data collection, analytic models, and predictive algorithms in marketing in order to
help make strategic and operational decisions. Unlike methods based on intuition, DDDM
incorporates data on clients’ preferences, behaviors, and the performance of other mar-
keting campaigns [1,2]. By combining data from social media, transactions, and client
reviews, organizations can attain actionable data regarding segmentation and targeting,
customizing communications, and pricing. There is ample evidence confirming that the
transition to personalization due to DDDM positively affected companies’ revenues and
gained efficiency in marketing on a larger scale [3].

The increasing capabilities of AI, Machine Learning, and Big Data have made
DDDM more accessible and have encouraged instantaneous reflection and agile decision-
making [4,5]. In more saturated and competitive marketplaces, the ability to pull value
from digital data becomes profoundly ingrained, and DDDM enables improved marketing
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ROI, customer acquisition and retention, and operational efficacy [6,7]. The advancement of
Machine Learning, Artificial Intelligence, and Cloud-based analytics have offered real-time
analysis of Big Data to marketers and the ability to anticipate and respond to consumer
demand [8,9].

Even though the literature on DDDM is particularly important, the literature on
DDDM marketing is still fragmented in terms of technology and industry, as well as in
terms of theory. Streams of research on AI-driven personalization, the adoption of Big
Data, and Predictive Analytics, for example, run individually and without much interlacing
of concepts.

Furthermore, the literature on DDDM in marketing remains fragmented not only
across technological and industrial domains, (Appendix A) but also across academic
frameworks [10,11]. Existing review studies often rely on limited or insufficiently robust
theoretical lenses and do not account for the complex interactions between technological
capabilities, ethical considerations, and managerial decision-making structures. This gap
reinforces the need for a more integrative and theoretically grounded assessment of DDDM
in marketing.

Lack of technical know-how is not the most critical reason executives fail, according to
Grandhi et al. [12]. Also, existing reviews tend to overlook the interaction of technology,
ethics, and combination of those things with management positing in their work. With the
emergence of Big Data, marketers are now able to pull together or aggregate data from
their customers, social media, websites, and even census and demographic data, which
only exacerbates the confusion of the environments in which marketers work [5].

Considering the rapid development of analytical technologies, and the multidimen-
sional characteristics of consumer behavior, an integrated approach is to develop the
intellectual mapping, thematically organize, and identify the shortcomings present in
the literature. Undertaking a systematic literature review enables researchers to dissem-
inate information, understand the evolution of the domain, and formulate meaningful
contributions for scholars and practitioners. Fulfilling these objectives, the current study
implements a systematic review of DDDM in marketing, in accordance with the PRISMA
2020 protocol. A thorough search in the Scopus database resulted in 104 studies, of which
94 were finally included in the review. This review concentrates on the field’s core themes
and its intellectual structure through bibliometric and thematic analyses. This study offers a
contribution to the literature of DDDM in marketing with three arms: (1) the consolidation
of the technological, ethical, and managerial components of DDDM into a comprehensive
framework; (2) the identification of respiratory issues, access gaps, and novel constructs
in the literature; and (3) the elucidation of a roadmap for actionable theorization, and a
responsible advancement of data-driven marketing.

To address this fragmentation, this review takes a multi-level approach, considering
DDDM as a whole system. For the micro-level, we adopted the Technology Acceptance
Model (TAM) to clarify the reason behind the adoption and use of some of the analytical
tools. Resource-Based View and Dynamic Capabilities are employed at the meso-level
to explain the mobilization and the reconfiguration of data, analytical infrastructures,
and skills. For the macro-level, DDDM practices are framed by Institutional Theory and
the Ethics of Governance, which explain how DDDM practices are kept legitimate and
socially acceptable. This multi-theoretical approach informs the way we have structured
the findings, as well as the integrated framework and the propositions we develop in the
latter sections of the paper.
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2. Materials and Methods
2.1. Review Protocol

This study followed the Preferred Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) 2020 guidelines to ensure methodological transparency, replicability,
and rigor [6,13]. A combined bibliometric and thematic analysis approach was adopted
to systematically examine the literature on Data-Driven Decision-Making (DDDM) in
marketing, allowing for the identification of thematic clusters, research trends, and knowl-
edge gaps.

The PRISMA 2020 framework provides a structured framework for identifying, screen-
ing, and evaluating relevant studies, ensuring transparency, replicability, and method-
ological rigor in systematic reviews [6]. Documenting each phase of the research process
minimizes the risk of bias and enhances the reliability of findings.

The LRSB methodology offers a distinct alternative to traditional literature reviews by
identifying relevant sources and synthesizing key findings. This approach is grounded in a
replicable, transparent, and scientific framework, which aims to reduce bias by systemati-
cally analyzing the published and unpublished literature on this research topic [7,8,14].

2.2. Search Strategy

The Scopus database was selected as the primary source for this study because it
systematically indexes scholarly articles within the disciplines of Business, Management,
and Marketing. The search string used was as follows:

TITLE-ABS-KEY “data-driven” AND “decision-making” AND “marketing”.
The search was conducted within the titles, abstracts, and keywords of the publications

indexed in Scopus until November 2024. The initial search produced 142,528 documents for
the term “data driven.” These documents were narrowed down first by “decision-making”
and then “marketing”, resulting in 254 documents. Focusing the subject area on Business,
Management, and Accounting further narrowed the set to 104 documents.

The researchers structure the LRSB framework into three distinct phases that subdivide
into six steps each [7,8,14] (Table 1). This systematic framework facilitates thoroughness
and striving for reliability within the research process.

Scopus was used as the primary database for the research because it is well-respected
in the scientific and academic community, enabling the identification and selection of high-
quality sources. Still, a critical limitation of this study stems from the fact that it only used
Scopus, which may result in the omission of the important literature from other significant
scientific and academic databases. It was advised that the literature search was completed
before November 2024 to improve comprehensiveness.

Table 1. Process of systematic LRSB.

Step PRISMA Phase Description of Action Records (n)

1 Identification

Database search in Scopus, Web of
Science, and B-On using defined
keywords related to Data-Driven

Decision-Making in marketing. No date
restriction applied.

142.528

Additional records identified through
reference list checks and citation

tracking.
130.721

2 Screening Removal of duplicates across databases. 11.553
Title and abstract screening to exclude

studies unrelated to DDDM in
marketing.

254
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Table 1. Cont.

Step PRISMA Phase Description of Action Records (n)

3 Eligibility

Full-text review to exclude studies not
meeting inclusion criteria (e.g.,

non-English, non-peer-reviewed,
outside marketing scope).

104

4 Included Final set of studies meeting all criteria
for systematic literature review. 94

Source: Adapted from Page et al. [13], PRISMA 2020 statement. Numbers correspond to those reported in
Figure 1.

 
Figure 1. PRISMA 2020 flow diagram of the literature search and screening process From
Page et al. [13].

2.3. Inclusion and Exclusion Criteria

To ensure relevance and methodological rigor, explicit inclusion and exclusion criteria
were applied during the screening process. Studies were included if they were peer-
reviewed journal articles, conference papers, or book chapters written in English, published
up to November 2024, and explicitly addressed Data-Driven Decision-Making (DDDM)
within a marketing context. Only research that presented empirical findings, conceptual
frameworks, or systematic analyses relevant to marketing strategy, consumer behavior, or
marketing analytics was retained. Studies were excluded if they lacked a clear marketing
focus, were non-peer-reviewed (e.g., reports, editorials, dissertations), did not provide
sufficient methodological detail, or were duplicates. This filtering process ensured that the
final dataset comprised high-quality, thematically aligned sources suitable for bibliometric
and thematic analysis.
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2.4. Screening Process

Adherence to the PRISMA 2020 protocol was observed at each stage of the screening
process for purpose of avoiding bias and providing clear procedures for reproducibility. To
minimize selection bias and enhance methodological rigor, all screening decisions were
independently reviewed by multiple researchers. Initial classifications were cross-checked,
and disagreements were resolved through iterative discussion and re-evaluation of the
eligibility criteria. This procedure ensured consistency and reliability throughout the
PRISMA screening stages. In the identification stage, applying the defined search string to
the Scopus database yielded a total of 254 records. In the title and abstract screening stage,
150 records were removed because they either did not attend to Data-Driven Decision-
Making in the context of marketing or did not qualify based on the established criteria. The
remaining 104 publications were assessed for methodological quality, thematic alignment,
and relevance to the research objectives through a full-text review. After this thorough
assessment, 94 studies were chosen for final analysis. Such publications formed the core
dataset for the bibliometric and thematic analyses. The entire processes, including counts
of records and their identification, screening, exclusion, and inclusion at each stage can be
found in the PRISMA 2020 flow diagram (Table 1).

The researchers opted for the Scopus database as the primary literature source because
of its comprehensive coverage of peer-reviewed business and marketing articles.

2.5. Data Extraction

Data extraction was performed systematically to capture all relevant information from
the selected studies for analysis. For each of the 94 included publications, key bibliographic,
methodological, and thematic details were recorded in a structured spreadsheet.

The extracted variables included the following: (1) author(s) and year of publication;
(2) country or region of study; (3) journal title and qualitative indicators like SJR, best
quartile, and H-index; (4) research objectives and questions; (5) methodological approach
(qualitative, quantitative, or mixed methods); (6) data sources and sample description;
(7) core findings and contributions; (8) keywords of thematic relevance to Data-Driven
Decision-Making (DDDM) in marketing. The information was useful for supporting biblio-
metric and thematic mapping as well as coding. For accuracy, extraction was performed
independently by each author, and discrepancies were reconciled through comparison.

The approach outlined here will ensure the dataset is reliable and appropriate for
further analysis.

Analysis and structuring of the findings was performed through thematic analysis
as indicated by Rosário et al. [8]. Thematic analysis was practical for this research, as the
approach involves the identification, analysis, and documentation of patterns or recurring
themes within a dataset of information.

The PRISMA 2020 guidelines were implemented to make certain that this systematic
review maintained compliance with the standards for transparency and rigor.

They consist of a detailed checklist (see Supplementary Materials for details) and
a flow diagram which assists the researchers in reporting their systematic reviews in a
complete and unambiguous manner. This framework helps to improve the strength and
reliability of scientific evidence, which facilitates evidence-based decisions throughout the
continuum of scientific inquiry and clinical practice.

2.6. Data Analysis

The evidence was synthesized through two synthesizing methods: bibliometric anal-
ysis and thematic analysis. Using VOS viewer software (Version 1.6.20), the bibliometric
analysis was performed to map the intellectual structure of the field as well as identify
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patterns in the literature. Conducting keyword co-occurrence analysis enabled detection
of thematic clusters, while citation and co-citation analyses exposed the most influential
publications, authors, and journals. Collectively, these bibliometric indicators offered a
quantitative summary of the research landscape. Thematic analysis was performed based
on the framework proposed by [7,14], which involves coding and grouping the studies into
coherent themes on conceptual similarity. Using the extracted data, the authors indepen-
dently studied each paper’s objectives, findings, and keywords to identify recurring topics.

These topics were then aggregated into higher-level thematic clusters that represented
the primary research areas in Data-Driven Decision-Making (DDDM) in marketing. Differ-
ences in coding were discussed and resolved through collaborative discussions to ensure
uniformity. The combination of bibliometric mapping and thematic coding offered a com-
prehensive interpretation of the literature that facilitated the identification of prevailing
themes, developing research areas, and gaps in existing scholarship.

Such a dual approach made sure that the review not only captured the measurable
features of the field, but that there was also an attempt to understand how the field evolved
regarding its concepts.

2.7. Reliability and Limitations

As noted in Section 2.6, transparency and reliability were provided through the
removal bias in the review process. All review triage steps, including study selection,
data extraction, and coding, were performed independently by the authors and were
cross-checked afterwards for errors and bias.

All disputes were resolved through discussions and agreements. Following the
PRISMA 2020 guidelines also added structure, rigor, and transparency to the study. Every
review has limitations, and this one is no exception.

While Scopus encompasses a wide array of peer-reviewed research therein manage-
ment and marketing, it is important to consider that the reliance of a single database does
bear some methodological limitations. Using Scopus exclusively may omit relevant and
high-impact research that is indexed elsewhere, especially in interdisciplinary and/or
technical research outlets. To increase coverage and address potential selection bias, future
reviews ought to include other literature databases such as Web of Science or IEEE Xplore,
which represent the literature that is often not captured in Scopus. A multi-database
approach, therefore, would enhance the potential methodological rigor and quality of
future research.

This constraint is especially applicable to works performed in 2023–2024 concerning
responsible AI, algorithmic governance, and data ethics, which are more visible in databases
not included in Scopus. Since our review followed PRISMA eligibility criteria and relied
solely on Scopus search results, these most recent additions were absent from the dataset.
This highlights the necessity for subsequent systematic reviews to expand the range of
databases to more fully document the rising body of research on governance.

The same is true for the focus on peer-reviewed publications in English, as this may
lead to the omission of high-quality research published in other languages or deemed
‘gray literature.’

Finally, albeit bibliometric and thematic analyses are important for examining trends
and the thematic structure in research, these methods are dependent on the precision of the
provided metadata and keywords.

These restrictions could likely be overcome with broader database coverage, including
multilingual databases, as well as with alternative or additional techniques. This exclusive
reliance on Scopus is a deliberate methodological boundary aligned with PRISMA, and its
implications are discussed transparently in the Section 2.2.
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In regard to these issues, we would like to explain that the use of Scopus was an
intentional methodological decision that aligned with the aims and boundaries of this
appraisal. Scopus encompasses one of the largest collections, and offers the most trusted
peer-reviewed journals, which are in the areas of Marketing, Management, Decision Sci-
ences, and Information Systems, which are the core fields of this review. Scopus has a
well-defined structure of journals based on SJR, quartile, and cite patterns, which allow for
a bibliometric study to certain high levels of accuracy and dependability: this is a funda-
mental requirement towards a possible realization of thematic grouping and co-citation
mapping. Furthermore, as compared to Google Scholar and other open databases, Scopus
has a much tighter indexing and intake criteria, meaning that there is a much lower chance
of including non-peer-reviewed and unsubstantiated sources.

Nonetheless, we recognize that some relevant interdisciplinary contributions, es-
pecially from the technical domains of data governance, AI ethics, cybersecurity, and
algorithmic transparency, tend to be more visible in the Web of Science, IEEE Xplore, and
ACM Digital Library. Given that all eligibility criteria conformed to the PRISMA protocol
and that we confined the dataset to Scopus-indexed publications, these emerging works
were not included in the current corpus. We want to be clear that this methodological
limitation is not a theoretical gap, but rather is a consequence of the database scope. It is
highly recommended that future research includes strategies to search across multiple data
sources to capture more of the valuable work in computer science, information engineering,
and interdisciplinary governance research.

2.8. Systemic Implications of the Methodology

The fusion of the PRISMA 2020 procedures and the bibliometric and thematic analyses
‘occupation’ was purposefully set up to work as a ‘systemic’ mapping approach. PRISMA
provides workflow clarity and replicability, which in turn allows for the construction of
a rigorous evidentiary system where inclusion and exclusion choices are documented
and verifiable.

Coupled with bibliometric co-occurrence and clustering techniques, this review goes
beyond synthesis to reveal structural connections across the corpus of the literature. This
two-tiered approach is reminiscent of the operation of complex systems.

At the micro-level, each article is subjected to screening and coding as a self-contained
entity. At the meso-level, articles are organized into thematic clusters in accordance with
citation and keyword networks. At the macro-level, these clusters are integrated to form a
cohesive conceptual framework.

Collectively, these elements of the methodology enable the extraction of interdepen-
dencies, feedback loops, and knowledge gaps concealed across 94 studies.

Thus, the methodology is systemic, allowing for the mapping of DDDM in market-
ing to be achieved not as a disparate collection of contributions, but rather as a living,
interrelated set of knowledge.

3. Publication Distribution
We examined the use of data to inform decisions in marketing up to October 2024.

The year 2024 appears to be the most prolific year, with 24 publications. The published
peer-reviewed literature up to November 2024 is available in Figure 2.

We categorized the publications as follows: Developments in Marketing Science Pro-
ceedings of The Academy of Marketing Science (six); Industrial Marketing Management
(five); Journal of Marketing Analytics (three); with two documents (Psychology and Market-
ing; Omega United Kingdom; MIS Quarterly Management Information Systems; Lecture
Notes in Business Information Processing; Journal of Strategic Marketing; Journal of Busi-
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ness Research; International Conference on Information and Knowledge Management
Proceedings; Data Driven Marketing for Strategic Success; Data-Driven Decision-Making
for Long Term Business Success); and the remaining publications with one document.
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Figure 2. Documents by year.

In the same manner, the USA, India, China, and the UK were surveyed as the primary
contributor nations in scientific production, as noted in Figure 3, in relation to the research,
as were other countries that are continually issuing articles about the issue under discussion.

Figure 3. Documents by geographical area.

The leading ten countries making significant scientific contributions in the areas of
focus are illustrated in Figure 3 and Table 2. This analysis recognizes the countries’ primary
contributions pertaining to the use of data in marketing within the context of technology-
driven cities and other sectors fueled by innovation.

As shown in Table 3, the Scimago Journal & Country Rank (SJR), the best quartile and
H-index of Journal of Management World, reveals an SJR of 7.540, a Q1 classification, and a
H-index of 280.
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Table 2. Top ten countries by number of publications.

Country Number of Publications

USA 71
India 27
China 24

UK 22
Italy 11

Australia 9
Spain 9

Germany 7
Greece 6

Malaysia 6
Source: Own elaboration.

Table 3. List of Academic Documents.

Title SJR Best Quartile H
Index

Journal of Management World 7.540 Q1 280
Developments in Marketing Science Proceedings of the Academy of Marketing

Science 7.19 Q1 207

Journal of the Academy of Marketing Science 7.190 Q1 207
International Journal of Information Management 5.780 Q1 177

Information Systems Research 4.180 Q1 185
MIS Quarterly Management Information Systems 4.110 Q1 271

Journal of Business Research 3.130 Q1 265
Technological Forecasting and Social Change 3.120 Q1 179

Psychology and Marketing 2.760 Q1 143
Industrial Marketing Management 2.710 Q1 117

Business Horizons 2.440 Q1 118
Ams Review 2.240 Q1 29

Decision Support Systems 2.210 Q1 180
International Journal of Information Management Data Insights 2.140 Q1 34

Journal of Enterprise Information Management 1.650 Q1 82
Journal of Management in Engineering 1.480 Q1 92
Quantitative Marketing and Economics 1.410 Q1 39

International Marketing Review 1.390 Q1 106
Electronic Commerce Research and Applications 1.340 Q1 101

Consumer Behaviour and Analytics 1.240 Q1 62
IEEE Transactions on Engineering Management 1.200 Q1 112

Management Decision 1.140 Q1 126
Journal of Strategic Marketing 1.010 Q1 67

Oeconomia Copernicana 0.990 Q1 30
Euromed Journal of Business 0.970 Q1 36

Journal of Marketing Education 0.940 Q1 66
Tourism Recreation Research 0.920 Q1 63

Journal of Marketing Communications 0.900 Q1 60
Journal of Theoretical and Applied Electronic Commerce Research 0.890 Q1 47

Humanities and Social Sciences Communications 0.870 Q1 35
International Journal of Market Research 0.860 Q1 63

Operations Research Perspectives 0.810 Q1 31
Journal of Organizational Effectiveness 0.790 Q2 28

Journal of Marketing Analytics 0.740 Q1 21
Journal of Quality Assurance in Hospitality and Tourism 0.710 Q2 42

Frontiers in Sports and Active Living 0.670 Q1 21
International Review of Retail Distribution and Consumer

Research 0.660 Q2 49

Journal of Nonprofit and Public Sector Marketing 0.630 Q2 39
Service Oriented Computing and Applications 0.560 Q2 31

Tourism 0.360 Q2 30
Lecture Notes in Business Information Processing 0.340 Q3 63
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Table 3. Cont.

Title SJR Best Quartile H
Index

Innovative Marketing 0.270 Q3 20
Tourism and Hospitality 0.260 Q3 22
Strategy and Leadership 0.240 Q3 54

South Asian Journal of Business and Management Cases 0.230 Q3 10
Journal of Digital and Social Media Marketing 0.210 Q3 6

Journal of Commercial Biotechnology 0.200 Q4 19
Journal of Telecommunications and the Digital Economy 0.180 Q3 14

Asia Pacific Journal of Innovation in Hospitality and Tourism 0.160 Q4 8
Applied Marketing Analytics 0.160 Q4 5

Springer Proceedings in Business and Economics 0.150 - * 20
Emerald Emerging Markets Case Studies 0.140 Q4 9

Proceedings of the International Conference on Tourism Research 0.130 - * 6
Human Resource Management International Digest 0.100 Q4 17

International Conference on Information and Knowledge
Management Proceedings 0 - * 144

PPI Pulp and Paper International 0 - * 8
Management for Professionals 0 - * 18

2024 3rd International Conference on Creative Communication and
Innovative Technology Iccit 2024 0 - * 13

2015 International Conference on Logistics Informatics and
Service Science Liss 2015 0 - * 0

Omega United Kingdom - * - * - *
Data-Driven Marketing for Strategic Success - * - * - *

Data-Driven Decision-Making for Long-Term Business Success - * - * - *
Sustainable Marketing Branding and Reputation Management Strategies for a

Greener Future - * - * - *

Sport Business Analytics Using Data to Increase Revenue and
Improve Operational Efficiency - * - * - *

Shaping the Digital Enterprise Trends and Use Cases in Digital
Innovation and Transformation - * - * - *

Palgrave Handbook of Supply Chain Management - * - * - *
Modelling and New Trends in Tourism: A Contribution to Social and Economic

Development - * - * - *

Membership Essentials: Recruitment Retention Roles Responsibilities and
Resources - * - * - *

Marketing Automation and Decision Making: The Role of
Heuristics and AI in Marketing - * - * - *

Impact of New Technology on Next-Generation Leadership - * - * - *
Hospitality Tourism and Lifestyle Concepts Implications for

Quality Management and Customer Satisfaction - * - * - *

Global Applications of the Internet of Things in Digital Marketing - * - * - *
Evolution of Integrated Marketing Communications the

Customer-Driven Marketplace - * - * - *

Data Analytics for Business Foundations and Industry
Applications - * - * - *

Contemporary Trends in Innovative Marketing Strategies - * - * - *
Consumer Experience and Decision-Making in the Metaverse - * - * - *

Consumer Behaviour and Analytics Second Edition - * - * - *
Business Analytics for Effective Decision-Making - * - * - *

Balancing Automation and Human Interaction in Modern
Marketing - * - * - *

Analytics and Dynamic Customer Strategy Big Profits from Big Data - * - * - *
AI-Driven Marketing Research and Data Analytics - * - * - *

AI and Data Engineering Solutions for Effective Marketing - * - * - *
2023 IEEE International Conference on Research Methodologies in Knowledge

Management Artificial Intelligence and Telecommunication Engineering
Rmkmate 2023

- * - * - *

2021 International Conference on Data Analytics for Business and Industry
Icdabi 2021 - * - * - *

* Data not available. Source: Own elaboration.
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We may conclude that, out of the 84 publications analyzed, 34 are in Q1, 6 in Q2, 7 in Q3,
and 5 in Q4. Q1 constitutes 40% of the total titles and Q2 7%, while Q3 is 8% and Q4 6%.

It is worth noting that 32 publications are also missing the indexing data, which is
38%. Table 3 shows that Q1 had the highest-quality publications, but the lowest in number
in the analyzed set.

The scientific and/or academic documents described fall under the following subject
areas of the Curriculum Business, Management and accounting (104), Economics, econo-
metrics, and finance (41), Computer science (30), Decision sciences (24), Social sciences (16),
Engineering (9), Psychology (6), Mathematics (4), Environmental science (3), Arts and hu-
manities (3), Medicine (2), and Biochemistry, genetics, and molecular biology (2), materials
science (1), and Health professions (1).

The first among the most cited was ‘User heterogeneity and its impact on electronic auc-
tion market design: An empirical exploration’, with 254 citations. MIS Quarterly: Management
Information Systems had a 4110 (SJR) and the best quartile (Q1), with a H-index (271). This
paper aims to address the use of a data-driven inductive approach to develop a taxonomy
of biding behavior in online auctions. For documents published up to November 2024, we
can analyze the citation changes, as shown in Figure 4. The period from 2014 to 2024 shows a
positive net growth in citations, with an R2 of 53%, reaching 684 by November 2024.
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Figure 4. Evolution of citations between 2014 and 2024.

The H-index evaluates both the productivity and the impact of published work by
determining the highest number of documents that have been cited with a minimum
number of times to be a citation. In this case, the 23 documents were cited a minimum of
23 times.

Citations of all documents, scientific and/or academic from 2014 and prior up to 2024
from November 2024, total 1976 citations. Out of the 104 documents, 31 went uncited. The
period from 2014 to November 2024 indicates a period of ten total self-citations within doc-
uments.

The specific focus of the bibliometric analysis centered on acquiring scholarly metrics
which reveal patterns and trends of the scientific and academic content of the documents.
In particular, the analysis emphasized pivotal words as illustrated in Figure 5. The visu-
alization feature exhibits the most significant nodes within the network. The size of each
node represents the number of times the keyword occurs. Further, the links which exist
between nodes represent the co-occurrence of keywords cooperatively, as described in the
previously provided explanation. The thickness of these links indicates the strength of
these connections in question.
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Figure 5. Network of all keywords, which presents the complete co-occurrence network of keywords
from all reviewed articles, providing an overview of the broader conceptual landscape.

In these diagrams, each node’s size illustrates the frequency of its associated keyword, and
the thickness of the links between the nodes depicts the frequency of keyword co-occurrences.

Different colors are used to demarcate distinct thematic clusters. The nodes display
the topics available within each cluster, while the links indicate the interrelations of these
topics within the cluster.

For this, we used VOSviewer (Version 1.6.20), a scientific software, to perform the
analysis for the key search term “Data-Driven Decision-Making in Marketing” and generate
the corresponding outputs. The scope of this analysis was restricted to scientific and
scholarly documents within these thematic frameworks.

As a focus of this analysis, Figure 6 displays keyword interrelations revealing a
network of co-occurring terms in the various articles analyzed.

This type of analysis is useful for understanding the scope of the topics within which
active researchers focus their efforts, and it reveals new dimensions that could inform
emerging research.

As Figure 5 shows, the full co-occurrence network of all keywords from the literature
gives a broad overview of the underlying themes. Figure 6 demonstrates isolating the
keywords that directly relate to the core search terms and illuminates the most pertinent
connections relevant to Data-Driven Decision-Making in marketing.

Figure 7 shows a detailed bibliographic coupling from the document analysis, which
offers an interactive visualization of the co-citation network. This tool enables the explo-
ration of the network to recognize patterns concerning the “Data-Driven Decision-Making
in Marketing” discourse from several studies.

The methodological approach taken in this review guarantees precision and com-
prehensive data collection, thus providing reliable groundwork for other researchers to
utilize this review as a foundation. Careful attention to resolving key concerns increased
coherence, validity, and reliability. The integration of systematic review and meta-analytic
techniques, coupled with adherence to methodological benchmarks, speaks to the high
rigor of this study, which will be discussed in the following sections.



Systems 2025, 13, 1114 13 of 38

Figure 6. Network of linked keywords, which only displays the subset of keywords directly linked to
the core search terms, highlighting the most thematically relevant relationships.

Figure 7. Network of co-citation, which illustrates the thematic clusters derived from the keyword
analysis, grouping related concepts to reveal the primary research streams in DDDM within marketing.
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4. Theoretical Perspectives
The arrival and acceptance of data-driven technologies in marketing and their use

have changed the techniques of business decision-making. Organizations can now access
and analyze customer data in real-time [9]. This shift allows for organizations to optimize
resource allocation, achieve precise targeting, improve customer engagement, and effec-
tive and efficient marketing strategies [15]. At any point in time, the evolution of data
technologies presents opportunities to improve personalization, stimulate innovation, and
improve business performance. Therefore, Data-Driven Decision-Making is crucial in the
contemporary business environment and marketing practices.

4.1. Systemic Layering of Theoretical Perspectives

The theories used in the literature review can be viewed as interrelated building blocks
in a framework of appropriate tiered reasoning for understanding the role of information
in marketing decisions. At the micro-level, the Technology Acceptance Model (TAM) indi-
vidually and in teams ‘adopt and adapt’ to the use of analytics, thus shaping the frontline
practice of DDDM. At the meso-level, the Resource-Based View (RBV) and Dynamic Capa-
bilities models construct data and analytics as strategic assets, connecting ‘technological’
with ‘capabilities-driven’ competitive advantage and performance. At the macro-level, the
frameworks of Institutional Theory and Ethical DDD tell us how regulatory, governance,
and social frameworks and ‘soft’ DDDM controls bounding its use respond to the ‘must’ in
Responsible DDDM. Collectively, these lenses do not function in a vacuum, but rather as
a self-sustaining theoretical system: for example, micro-level adoption underpins meso-
level resource mobilization, whereas macro-level governance describes the limits in which
organizations compete and innovate. Understanding these relationships emphasizes the
systemic DDDM and the integrative constructs of analysis that level these frameworks.

4.2. Research Theoretical Contexts in Marketing DDDM

The literature reveals a more diverse yet uneven application of theory concerning
DDDM in marketing. The customer experience improvement cluster tends to use the
Technology Acceptance Model (TAM) to justify the adoption of analytics tools either (fully)
or remain atheoretical relying on a case description [16–21]. Research on marketing inno-
vation appears to apply the Resource-Based View (RBV) alongside Dynamic Capabilities
Theory to view the data analytics capabilities as resources which constitute a strategic
asset for the firm, thereby enabling a competitive advantage [12,22–24]. The performance
improvement cluster draws on Decision Science to order analytic tasks with differing levels
of structure [1,25–27]. The ethics and governance cluster incorporates elements of Institu-
tional Theory and Ethical Decision-Making to account for data governance responsibilities
of responsible data usage and regulatory burdens [28–30]. With all the above-mentioned
frameworks, 36% of the reviewed studies were lacking a theoretical framework [31–34].
This lack of theory informs design stems from the absence of a more robust and cohesive
theoretical structure.

As 36 percent of the studies lacked theoretical grounding, the current review proposes
an integrated multi-level and multi-theoretical approach consisting of the Technology
acceptance model, Resource-Based View, Dynamic Capabilities, and Institutional Theory.
TAM explains the micro-level (individual and team) participation of analytic tool adoption;
RBV understands data and infrastructure along with skills as valuable (strategic) resources;
Dynamic Capabilities explains the ways in which a firm adapts and reconfigures those
resources to detect and react to market opportunities; and Institutional Theory describes the
ethical, legal, and governance frameworks that define the boundaries of DDDM practices.
Convergently, these ideas explain a unified system where the adoption of technology (TAM)
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facilitates the mobilization of resources (RBV), which further enables the development of
capabilities (DC) and are bounded by the societal and ethical constraints of Institutional
Theory. This integrated model provides a response to the theoretical inconsistency in the
literature and opens the door to further conceptual and empirical explorations.

This figure illustrates the conceptual articulation between TAM (technology adoption
at the micro-level), RBV (data and analytics as organizational resources), Dynamic Capabil-
ities (reconfiguration and value creation through data-driven processes), and Institutional
Theory (ethical, regulatory, and governance boundaries). The model provides the theoreti-
cal foundation recommended by the reviewer to address gaps in the existing literature.

Based on the thematic clusters of the existing literature and theoretical considerations,
the present study attempts to address the following questions:

• RQ1: What is the impact of Data-Driven Decision-Making on the experience outcomes
of customers in various industries over time?

• RQ2: How do advanced data-driven technologies perform in fostering marketing
innovation, and what are the organizational and industry contextual constraints to
their impact?

• RQ3: How do data-driven marketing processes relate to measurable performance
outcomes, and how can this relationship be contextualized in a model?

• RQ4: What is the impact of ethical governance frameworks and organizational pre-
paredness on the adoption and efficacy of marketing decision-making processes
grounded in data?

4.3. Conceptualizing DDDM in Marketing

Within the 94 studies, the definition of DDDM reflects a consensus of its definition as
data driven decision-making or the use of data, analysis, and modeling to make marketing
decisions. From a customer-centric point of view, DDDM represents a kind of personal-
ization, as well as customer segmentation and predictive modeling, intended to improve
customer experience [19,20,35–37]. Performance-centered perspectives focus on the effi-
cacy of an organization’s marketing endeavors, resource allocation, return on investment
(ROI), and marketing efficiency [26,33,38–40]. There is a smaller, but striking, body of
literature that considers ethics and governance, juxtaposing DDDM with the issues of data
quant privacy, bias mitigation, and DDDM’s usage in a more responsibly framed usage
of DDDM [28–30,41]. This range of perspectives is as compelling as the lack of a single
encompassing model that outlines the steps, processes, and conditions delineated to apply
DDDM in marketing.

4.4. Identified Gaps and Potential Avenues for Further Research

This study identifies three distinct gaps. The first is the lack of broad application of
the Dynamic Capabilities Theory, which still helps explain the firm’s coping with data
saturation environments during the shift in their marketing strategies [12,22]. The sec-
ond gap concerns the lack of application of Institutional Theory in ethics and governance
works [29,30] considering the growing regulatory and social forces concerning the market-
ing of data. The last gap is the absence of Service-Dominant Logic frameworks that would
align DDDM with value co-creation. All these gaps seem to require more primary research,
particularly in longitudinal, cross-context, and comparative frameworks.

Of the submitted studies, however, only some and often implicitly use Dynamic
Capabilities to understand how firms manage in data-rich environments. Some studies refer
to the faster detection of certain market signals and the implementation of analytics-driven
campaigns and marketing process reconfigurations, but there is little to no explanation of
these behaviors in terms of sensing, seizing, and transforming. Consequently, the potential
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of DC theory to understand the reorientation of marketing strategy in response to the
abundance of data has been overlooked. It is in this light that this review proposes that
future research adopts DC theory more purposely in its attempts to understand how firms
adjust their marketing strategies to use DDDM.

Similarly, Service-Dominant Logic (S-DL) is also missing from the 94 job studies.
However, S-DL has the potential to bridge DDDM and value co-creation. From an S-DL
perspective, data, analytics, and AI tool are conceptualized as operant resources that allow
for actors to integrate resources, co-create value, and reconfigure service ecosystems. This
absence of S-DL from the DDDM literature is, thus, an additional void. A possible extension
of the S-DL and Dynamic Capabilities literature could be the exploration of the role of
data-driven insights in value co-creation of and between firms and its evolving mechanisms
in complex service systems.

4.5. Toward a Comprehensive Framework

An integrated conceptual framework pertaining to four themes that have emerged
from the review is DDDM in marketing: (1) customer experience augmentation; (2) mar-
keting innovation caused by new technologies; (3) operational performance improvement;
and (4) ethical and operational barriers.

Enabling resources, defined as technologies that aid in the marketing processes of AI,
Machine Learning, and Big Data Analytics, enhance marketing activities like segmentation,
targeting, personalization, and forecasting [17,39,42–48].

Systemic Integration of Thematic Clusters

In this review, the four clusters identified—including customer experience enhance-
ment, emerging technology marketing, performance improvement, and the ethical and
implementation challenges arising from them—should not be regarded as isolated areas,
but rather as interrelated subsystems of the overarching marketing decision system, as well
as the customer experience and its touchpoints (e.g., personalization and journey mapping)
impact certain business performance indicators (e.g., ROI and customer lifetime value) and
vice versa.

Likewise, these outcomes are facilitated and sped up by technological as well as
organizational innovations, resulting in feedback loops where customer experience and
innovation mutually bolster one another.

Ethical governance and organizational readiness function as overarching moderators
that cut across the entire system: they shape the governance technology adoption, throttle
the innovation system, and collar the performance gains to ensure they are not made at the
expense of trust and fairness.

This review integrates the clusters into an overarching conceptual framework (Figure 8)
to show that DDDM in marketing is a functioning, dynamic system where the technological,
organizational, and ethical components are in perpetual interaction, generating outcomes
that are emergent and cannot be understood in isolation.

These processes, in turn, shape marketing outcomes pertaining to the value of the
customers, innovation, and creation, as well as operational efficiency [12,20,34]. Organiza-
tional preparedness and ethical governance influence these systems and their frameworks
alongside organizational readiness and structure [29,41,49].

Because these elements are all essential, this creates an opportunity where all of
the technological, strategic, and ethical aspects of a system are brought together in one
framework to model reasoning and theory, thus honing the need for empirical studies,
refinement, and even interindustry analysis.
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Figure 8. Integrated multi-level theoretical model (TAM–RBV–DC–Institutional Theory). Source: Own
elaboration. This framework summarizes the empirical structure of the field, combining the dominant
themes, technologies, capabilities, challenges and outcomes identified across the 94 reviewed studies.
Unlike Figure 8, which provides the conceptual theoretical model, Figure 9 presents the empirical
integration resulting from the bibliometric and thematic analyses. The advanced technological tools
of Artificial Intelligence (AI), Machine Learning (ML), and Big Data Analytics have made it possible
to perform marketing processes (segmentation, targeting, customization, forecasting), which in turn
influence customer value, innovation, and efficiency as marketing outcomes. The ethical governance
of an organization and its readiness to engage with such technology, as well as its decision-making
processes serve as moderators to these relationships. The integrated framework combines four umbrella
categories: (1) enhancement of customer experience, (2) marketing innovation for development of new
and emergent technologies, (3) improvement of performance, and (4) ethical concerns and challenges of
implementation. Source: Own elaboration.
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Figure 9. Synthesized integrated framework for Data-Driven Decision-Making in marketing. [1,8,12,
17–20,22,25,26,28–30].



Systems 2025, 13, 1114 18 of 38

4.6. Comparison with Related Reviews

The prior literature review focused on the frameworks of marketing analytics and Big
Data [9,43], indicating issues concerning the lack of theory-based frameworks and absence
of an ethical oversight framework. This review specifically focuses on the integration
of ethics and governance into the primary DDDM model, thus creating supplementary
frameworks in consideration of all models poorly targeted by those theoretical gaps. Rep-
resentative studies in the reviewed corpus also note similar gaps in ethical oversight
frameworks and theoretical integration [28–30,34,49].

Furthermore, the boundary DDDM encompasses organizational capabilities and pro-
cesses and outcomes, which operate within explicit moderating relationships and, in turn,
adds more dimensions to the discourse.

4.7. Technologies Supporting Data-Driven Marketing Decision-Making

This review pinpoints several Internet-driven technologies that assist firms in mak-
ing marketing decisions informed by relevant data. Each technology seeks to improve
and analyze the relationship between a business and its customers. Collectively, these
technologies equip organizations with the needed information and the requisite processes
to devise and implement strategies that ensure enhanced customer value and improved
marketing outcomes. This review notes these critical technologies to be Artificial Intel-
ligence, Machine Learning, Advanced Data Analytics, Marketing Analytics, Predictive
Analytics, Consumer Recommender Systems, and the Internet of Things. Examples of
these applications are documented extensively in the reviewed studies (e.g., AI and ML for
personalization [19,42,50–53], marketing analytics for ROI optimization [9,26,54–56], and
IoT for operational responsiveness [34,39,57,58]).

To facilitate an understanding of the technologies, theories, and their relationships,
Table 4 presents a summary of the proportion of studies involving each technology, featured
theory, and the principal theoretical gaps evidenced in the corpus.

Table 4. Comparative summary of technologies, theoretical lenses and research gaps in DDDM
studies (n = 94).

Technology % of Studies Main Theoretical Lenses Typical Applications Main Research Gaps

Artificial Intelligence (AI) 28% RBV; Dynamic Capabilities
Personalization; customer

engagement; sentiment
analysis

Limited integration of
governance and ethics

Machine Learning (ML) 23% Decision Science; TAM Customer segmentation;
predictive modeling; churn

Lack of longitudinal
validation; limited governance

linkage

Big Data Analytics 31% Dynamic Capabilities;
Institutional Theory

Trend prediction; behavioral
analysis; real-time analytics

Fragmented theoretical
integration

Marketing Analytics 18% TAM (platform adoption)
ROI optimization;

multichannel attribution;
dashboards

Weak strategic and innovative
linkage

Predictive Analytics 21% Decision Science Forecasting; budgeting;
retention

Ethics and governance rarely
incorporated

Recommender Systems 12% Mostly atheoretical
Personalized

recommendations;
e-commerce

Under-theorized; limited
marketing-centric study

Internet of Things (IoT) 9% Dynamic Capabilities Customer tracking; logistics;
sensors

Underexplored in marketing;
highly operational focus

Source: Own elaboration. Note: The percentages exceed 100% because several studies employ more than one
technology simultaneously; each technology is coded independently.

While the individual analysis of AI, ML, Big Data, Marketing Analytics, Predictive
Analytics, and IoT provides valuable detail, a comparative synthesis helps to clarify how
these technologies collectively shape the intellectual landscape of DDDM research. To
enhance analytical coherence, we introduce a consolidated comparison that highlights
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their relative frequency, theoretical grounding, and associated research gaps across the
94 studies.

Although this subsection falls within the broader Results and Discussion Section 5,
the analysis of technologies necessarily incorporates theoretical perspectives. For this
reason, the comparative synthesis below integrates both empirical frequencies and theoreti-
cal lenses.

According to Table 5, AI, ML, and Big Data reign over DDDM, but there is still an
absence of them being mathematically meshed with governance and ethics. Predictive and
marketing analytics are closely connected to the science of decisions and are performance-
optimized, but are ingrained in strategy only on rare occasions. IoT and recommender
systems are less frequent, but are mathematically defined, and are, unfortunately, censoring
primary marketing capabilities as opposed to marketing tools, and this is something that
future scholars should examine more closely.

Table 5. Alignment of research questions with key findings, insights, and representative studies.

RQ Main Findings Key Insights Representative Studies
(from 94-Set)

RQ1: DDDM →
Customer Experience

Improves journey
mapping, behavioral

segmentation,
relationship-building,

personalization

Predictive journey
analytics and CLV
targeting increase

loyalty; personalization
differentiates in

saturated markets

[17,19,51,52,56,59–68]

RQ2: Technologies →
Innovation

Automation, preference
analysis, forecasting

enable proactive,
sustainable innovation

Cross-channel
preference convergence

is a novel driver;
sentiment-driven

sustainability increases
resonance

[17,18,34,39,42,47,69–78]

RQ3: DDDM →
Business Performance

Optimizes budget,
increases ROI, improves
supply chain integration

Real-time budget
reallocation and

predictive demand
shorten innovation
cycles and cut costs

[20,24,26,40,70,79–88]

RQ4: Ethics and
Implementation

Data privacy, bias, cost,
integration challenges

persist

Ethical governance and
organizational readiness
are critical moderating

factors

[28–30,41,48,89–100]

Source: Own elaboration.

4.7.1. Artificial Intelligence (AI)

Artificial Intelligence refers to the use of machines and computer algorithms to assist
in a variety of processes such as decision-making, engagement, as well as improving system
efficiency and user personalization. From the corpus of articles, [63,64] highlighted the use
of AI in customer experience personalization, in addition to 28% of the articles. AI has
become commonplace, as it is integrated into ML systems associated with segmentation and
recommendation, as discussed in the literature review. This means that AI is a component
of deeper analytic systems.

These applications closely follow the Resource-Based View (RBV) model in which AI
is considered to be a strategic capability for sustaining a competitive advantage [12]. This
trend further corroborates the observations detailed in Section 5.1, which discusses the use
of AI in customer engagement and personalization, noting a direct increase in customer
relationship management, client retention, and overall satisfaction within customer-driven
marketing paradigms.
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4.7.2. Machine Learning (ML)

ML is a sub-field of AI that optimizes the performance of a system through automation
and iterative learning based on the data received. In this review, ML appeared in 23% of
studies, most notably in customer segmentation and predictive modeling activities [50,51].
ML combined with Big Data Analytics is beneficial in dealing with vast amounts of unstruc-
tured data, particularly in the domains that pertain to system performance. ML applications
are regarded, within the literature, under the domains of Decision Science, pertaining to the
exactness with which customer behavior and campaign performance are forecasted [25]. In
further studies, ML appeared to be scoped with little regard to the ethics or governance
frameworks, which demonstrates the lack of a practical approach to the theories integrating
AI technologies in a socially responsible manner.

From a practical perspective, the integration of ML adds to the existing frameworks
of Decision Science and aids in the precision of forecasts, hence reducing the uncertainty
inherent in marketing decisions [25]. These findings correlate with the discussion in
Section 5.2 where marketing enabled by ML technology was discussed and where rational-
ized and sophisticated segmentation and forecasting were the order of the day, but very
few governance ethics frameworks were discussed.

4.7.3. Big Data Analytics

Social media interactions, website visits, and transaction activities create compli-
cated datasets which need to be examined using Big Data Analytics. This technology
did appear in 31% of examined studies, making it the most common technology in the
dataset [22,26,101]. The most significant uses were in anticipating market trends, tracking
customers’ and prospects’ sentiments, and modeling campaign attributions. Theoretical
grounding was often tied to Dynamic Capabilities Theory, in which the capabilities of Big
Data allows for firms to market changes in real-time. However, in the ethics and governance
cluster, Big Data was treated in a more descriptive manner when it came to the theory of
data collection and governance, suggesting a lack of theory-informed research in the field.

The focus of Big Data in the literature strengthens the Dynamic Capabilities Theory,
which underscores the importance of identifying and responding to changes in the market
as quickly as possible. This correlates with the findings stated in Section 5.3, which
highlight the role of Big Data Analytics as a driver of enhanced business performance
in relation to budget allocation and spending. These patterns are consistent with the
studies that applied Big Data Analytics for segmentation, forecasting, and campaign
optimization [17,18,42,47,69,70,102].

4.7.4. Marketing Analytics

Marketing analytics measure and evaluate the effectiveness of marketing efforts. With
respect to optimizing ROI and multichannel attribution, these tools were cited in 18% of the
analyzed articles. In the absence of marketing analytics, the available innovation-related
literature seemed to rely on the Technology Acceptance Model (TAM) to justify the analytic
adoption gaps and non-competitive positions of organizations. Representative applications
of marketing analytics within the corpus include ROI optimization [9,26,54,56,103,104] and
multichannel attribution modeling [35,39,56,105].

It is striking that marketing analytics platforms were virtually absent from innovation-
focused studies, indicating a lack of correlation between the adoption of analytics and
competitive market positioning.

Works that relate to the Technology Acceptance Model (TAM) focus on explaining
adoption behavior for these analytics platforms. The adoption patterns that were described
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in this excerpt connect to Section 5.3, where marketing analytics were described to improve
profits via precise targeting and sophisticated ROI evaluation.

4.7.5. Predictive Analytics

Predictive Analytics utilizes historical data together with statistical techniques to
forecast future events. Its use in the papers we examined was 21%, mostly in the demand
forecasting and churn prediction [57]. Relationships were made with Decision Science,
particularly with the model validation and evaluation processes. In the designated areas of
performance improvement, Predictive Analytics were crucial to budgeting and customer
retention efforts, but the integration of ethics into the decision-making frameworks of the
studies was rather sparse, creating ample opportunity for further investigation.

The literature on Predictive Analytics tends to mention Decision Science without
fail when it comes to model building. This is, however, consistent with the findings
discussed in Section 5.3, which highlighted the lack of strategically embedded analytics at
the organizational level and the presence of Predictive Analytics in inventory management,
churn, and profit optimization.

4.7.6. Consumer Recommender Systems

Recommender systems suggesting products or services are represented in 12% of
the studies. Most of these cases were found in the e-commerce industry and applied
collaborative or content-based filtering. Regardless of the prominence of these systems,
few studies integrated them into marketing theory, treating them as mere stand-alone, non-
innovative, technical systems. This example demonstrates the disparity between marketing
theory and system architecture.

Recommender systems, critical as they are for the personalization of services, were
infrequently connected to explicit marketing theory. These findings support the argument
in Section 5.1, which claimed that personalization facilitated by recommendation systems
positively influences customer lifetime value, retention, and business performance. Exam-
ples include studies applying collaborative filtering and content-based recommendation
for personalization in e-commerce [19,52,62].

4.7.7. Internet of Things (IoT)

As the least-cited technology in the review, IoT devices, which integrate hardware with
sensors and communications systems to collect and exchange information, appeared in
only 9% of the studies. Uses included customer tracking in real-time, inventory control, and
marketing to very local areas. Though the majority of studies described scenarios, IoT does
align with the Dynamic Capabilities framework which focuses on customer-response agility.
Pertinent IoT use-cases have already been covered in the discussion of Dynamic Capabilities
in Section 5.3 where the focus is more operational, looking at IoT’s role in streamlining
logistics and inventory control, which is rarely associated with more strategic, higher level
objectives. Overall, patterns related to technologies focused on AI, ML, Big Data Analytics,
Marketing Analytics, Predictive Analytics, Recommender Systems, and IoT are ascertained
to be in concordance with these exemplar studies presented in Sections 5.1–5.4 and Table 4,
corroborating the consistent convergence of these domains of technology with the 94 articles
that tested empirical material evidence [17,18,20,39,42,47,69,70,106].

4.8. Development of Conceptual Framework and the Research Questions

The review of literature reveals four thematic clusters that outline the current under-
standing of Data-Driven Decision-Making (DDDM) in marketing:
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• Enhancement of customer experience.
• Emerging technologies and marketing innovation.
• Improvement in organizational performance.
• Ethics and challenges of implementation.

These clusters highlight the differences in the areas of research (see Appendix B). There
is a problem of a lack of theoretical integration and consistency of method in synthesis and
divergent interdisciplinary approaches. An overarching conceptual framework, shown in
Figure 8, integrates technological capabilities—AI, Machine Learning, Big Data, marketing and
Predictive Analytics, recommender systems, and IoT—which enable the marketing processes
that drive outcomes moderated by ethical governance and organizational readiness.

The alignment of this review’s main conclusions with the authored research questions
is shown in Table 5. For DDDM’s contribution to customer experience management in
RQ1, it discusses journey mapping, behavioral segmentation, customer personalization,
and relationship management that drives loyalty and differentiation in very competitive
markets. RQ2 looks at automation’s contribution to innovation in the marketing and the
development of consumer-friendly, sustainability-driven marketing innovation strategies.
DDDM improves business performance in the gaps DDDM has in business performance,
incorporating real-time budget reallocations, ROI-optimized spending, and predictive
demand modeling designed to cut costs and enhance innovation cycle times, operational
efficiency, and future-oriented innovation strategies. The last section discusses ethics and
implementation, identifying enduring issues of privacy, bias, cost, and system integration,
alongside the fact that system’s success adoption hinges largely on ethical governance and
organizational readiness and preparedness.

4.8.1. Improvement of Customer Experience

An extensive number of studies, specifically 58 out of 93 (62%), emphasize the cus-
tomer experience, particularly focusing on the applications of DDDM in personalization,
segmentation, and predictive modeling, which aim to foster customer satisfaction and loy-
alty. There is empirical evidence suggesting that customer engagement may be augmented
using AI-powered recommendation systems, dynamic pricing, and other analytics tools.
Nevertheless, most of the studies have cross-sectional or case study designs centered on
single firms, restricting their conclusions to longitudinal scope and cross-industry gen-
eralizability. Moreover, almost one-third of the studies focused on customer experience
frameworks lack a theoretical underpinning, which hinders the research community from
developing a cumulative foundation from which they can build upon one another’s efforts.

RQ1: In what ways and to what extent does Data-Driven Decision-Making affect customer
experience across various sectors and overtime?

4.8.2. Emerging Technologies and the New Marketing Innovation

The focus of this innovation cluster is on the more impactful AI, ML, Big Data Analytics,
and the IoT on the metamorphosing of marketing. These technologies make it possible
to accelerate product development, instantly revise marketing campaigns, and identify
prospective markets. The prior literature has shown DDDM enhances the pace of innovation
by enabling rapid innovation cycles and accelerated creation [42,107–112]. Nonetheless,
research is lacking in coherence and there is disparity across sectors and the level of
advancement of the firm in question [4,34,113,114].

RQ2: How do organizational and industry contexts moderate the impacts of advanced data-driven
technologies on marketing innovation and its facilitation?
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4.8.3. Measurement of Enhanced Results

Approximately 48% of the empirical literature noted the relationship of Data-Driven
Decision-Making (DDDM) systems with measurable business performance indicators like
ROI, conversion rates, and operational efficiency [9,12,20,22,26,33,35,39,40,54,56,69,73–77,79–
83,87,115,116]. Clearly, optimizing resource allocation [12,26,39,54,116], tending to high-value
customers [35,39,40,69], and real-time campaign monitoring [9,26,35,54,56] can enhance prof-
itability. Analysis of performance metrics tends to ignore the frameworks of DDDM systems
which link specific technological functions with business functions and influence business
results [26,54,56,69], which hampers the formulation of well-founded theories.

RQ3: How are measurable performance results linked to data-driven marketing processes, and how
can this relationship be framed within different contexts?

4.8.4. Ethical and Implementation Challenges

The most potential, albeit unaddressed, focuses were on algorithm biases, issues of
data confidentiality, as well as the readiness of the firm adopting the technology [14,28–
30,41,49,89–92,95,97,98,100,117]. The findings demonstrate the risk of employing granular
customer profiling information vis-a-vis the legal privacy restrictions [28–30,41,89], as well
as the culture impact on adoption [49,95,117]. Regardless of these findings, there is a dearth
of scholarly discourse that empirically analyzes governance frameworks as moderator
variables on the adoption and DDDM impact.

Thus, Scopus’ temporal corpus is yet another limitation. The studies analyzed in this
review, although from very recently increased publications (2023–2024), do not include
research focused on governance, ethics, and responsible AI. This is not a gap in the field, but
rather a result of the methodological limitations based on Scopus. Future studies should
expand the database coverage to include these new contributions and provide a more
contemporary perspective on governance and ethics in data-driven marketing.

Only 19% of the literature focuses on governance policies of data privacy, algorithms,
fairness, and transparency concerning the adoption and impact of Data-Driven Decision-
Making in marketing ([28–30,41,89–91]). Also, 24% of the literature focuses on organiza-
tional readiness prerequisites, leadership, analytics maturity, and cross-functional integra-
tion as key enablers ([29,30,34,39,49,94,95,117]). The literature shows that comprehensive
governance frameworks [28,29,41,89] bolster trust and compliance with regulatory require-
ments among consumers, while readiness factors [34,49,94,117] enhance implementation
and ROI post adoption. Very limited empirical research integrates both governance and
readiness gaps as frameworks that hinder cross-disciplinary stagnation and the innovation
and practical knowledge of innovation.

RQ4: In what ways do ethical governance frameworks and organizational preparedness impact the
effectiveness and adoption of Data-Driven Decision-Making in marketing?

4.9. Propositions Emerging from the Systematic Review

P1. Organizations that achieve higher adoption of DDDM technologies are more likely to convert
data-related resources into Dynamic Capabilities that enhance marketing performance [17,20,39,40,
42,59,60,69,70].

P2. The positive effect of AI/ML-enabled personalization on customer trust is strengthened when
robust governance and ethical oversight mechanisms are present [17,28–30,41,51,61,95].

P3. Firms with higher analytics maturity and stronger data governance are more likely to translate
DDDM insights into sustained strategic benefits through Dynamic Capabilities [26,39,42,49,94,
110,112,117].
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P4. Cross-functional integration strengthens the effect of DDDM technologies on marketing
innovation and operational agility [42,49,69,70,94,108,112,117].

5. Results and Discussion
The value of this review comes from its particular technological focus on DDDM

research where AI, Machine Learning, and Big Data Analytics are the primary drivers of
outcomes; these are customer-oriented, innovatively transformative, and performatively
efficient. Although there technologies improve personalization and predictive abilities,
the scope of such technologies reveals an inherent structural problem. Most of the DDDM
literature examines the operational gains and advantages of such technologies, while the
ethical, governance, and organizational prerequisites are largely ignored. This structural
imbalance is significant in the literature. The literature on adoption decisions through TAM
precludes any discussion on competitive advantage, and that is because there needs to be a
discussion on the resource structures that constitute the core of the RBV, and the resource
realigning mechanisms of Adaptive or Dynamic Capabilities.

Using a multi-leveled approach to Data-Driven Decision-Making (DDDM) adds to our
understanding of the reasons why the implementation of technology is not enough. To use
the Technology Acceptance Model (TAM) at the micro-level to achieve desired outcomes,
it is necessary to utilize the meso-level, which involves resource structure and dynamic
state capability (RBV, DC), and is woven into wide-ranging institutional frameworks that
define the legitimacy and align the strategy of the organization. These interdependencies
strengthen the demand for more empirical studies focused on how these levels of interaction
across differing systems of organization, regulation, and culture.

The most important of these implications of this review is that organizations may adopt
and use advanced analytics systems and technologies, but if there is no corresponding
governance framework deployed, it may result in a breach of trust and a violation of
regulation. This is particularly dangerous, as only 19% of the sampled studies were found
to be as concerned about the framework of algorithmic fairness, privacy, transparency,
and organizational preparedness. These purportedly macro constraints, in accordance
with Institutional Theory, will then result in these precise restraints on organizational
practices. Therefore, the focus on personalization, segmentation, and Predictive Analytics
that the literature has espoused is dramatically at odds with the thin, albeit developed,
understanding of the theoretically certain limits to ethical and socially acceptable practices
on such predictive technologies.

Another limitation of the evidence base is that the improvements that come with
DDDM, such as increased ROI, customer retention, and operational efficiencies, is cap-
tured predominately through cross-sectional studies. In our corpus of 94 articles, these
performance outcomes are almost always reported at a single point in time (for example,
survey data, one-shot experiments, or single-period case studies), and no true longitudi-
nal panel designs were identified. Herein lies the challenge of ascertaining the temporal
nature of such benefits. Do such benefits linger in the long run, or do they fade with the
plateau of new technological adoptions or with augmentation of competitive pressures?
Cross-sectional designs can show that firms using DDDM tend to perform better than
their counterparts at a given moment, but they cannot reveal whether these advantages
are sustained, amplified, or eroded as technologies and competitive conditions evolve.
To help facilitate this, future studies could use longitudinal designs to determine how
DDDM-driven financial performance varies, remains constant, or goes through cycles of
change over different time periods and across different organizational contexts.

Firms should be aware that they will be able to improve consumer experience and
decrease the amount and time of innovation cycles if they use artificial intelligent and
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Machine Learning. However, if the companies do not have the necessary prerequisites, such
as having the required analytical and data management processes, such investments will
yield no strategic benefits. The review shows that companies have the option to integrate
their instruments of DDDM with the other components of governance and readiness. This
will enable the companies to techno-organizationally imbalance, promote capacity, and
align with the ethical framework.

For empirical research to have a theoretic framework, scholarly work has to adapt the
models that involve the adoption of technology, the resource allocation, and the develop-
ment of capabilities with the limit set by governance. This approach will be a litmus test
for the advanced technologies that yield diverse results in the organizational settings and
it will help the companies to reduce the risks associated with algorithmic biases, loss of
sensitive data, and the trust of the consumer.

5.1. Results for RQ1: Customer-Centric Marketing and Experience Improvement

Of the 94 studies analyzed, 61% explicitly linked DDDM with a customer-centric
approach, emphasizing the areas of personalization, customer segmentation, and cus-
tomer journey mapping. The most common approaches for personalized offer tailoring,
needs forecasting, and real-time engagement delivery were AI and Machine Learning
(Sections 4.7.1 and 4.7.2). This pattern held true across all industries, but emerged most
prominently in e-commerce, tourism, and retail.

In the Asia-Pacific region, the focus on recommender systems surpassed that of Eu-
ropean studies, which concentrated on customer engagement and interactions within
privacy-compliant frameworks. These models further reinforce the customer experience
improvement thematic cluster developed in Section 4.1 and offer frameworks with the
Technology Acceptance Model (TAM), which describes technology adoption for systems
designed for tailored personalization.

Answer to RQ1: The provided information substantiates the conclusion that DDDM
promotes customer-centric marketing strategies via better customer engagement, satisfaction,
and loyalty through improved interaction and feedback during the course of engagement.

Gap and Implications: An integration of data stewardship frameworks that focus
on responsibility with data personalization frameworks is a glaring gap. Under 15% of
the studies that made ethical appendices to the governance frameworks centered on bias
mitigation, underscoring the desperate need for frameworks that integrate responsible data
governance with personalization.

5.2. Results for RQ2: Innovations in Marketing and Technology Driven by Data

Forty-two percent of studies indicated that DDDM enables the occurrence of marketing
innovation primarily through product innovation with AI, ML-driven trend forecasting,
and campaign optimization utilizing Big Data (Sections 4.7.3 and 4.7.5). The DDDM
technologies went beyond mere process enhancement, as they prompted the creation
of novel customer value propositions, for example, adaptive and sustainability-driven
pricing models.

It is interesting that the manufacturing and logistics subsectors focused on the opera-
tional innovation of IoT in the scholarly work (Section 4.7.7), while the service industries
employed marketing analytical systems for innovations regarding customer experience.
From a scholarly standpoint, these findings validate the RBV and Dynamic Capabilities The-
ory, allocating the high-level analytical DDDM capabilities as core competences necessary
for sustaining market dominance as the ongoing market leader.
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Answer to RQ2: Technologies based on data, analytics, and metrics sharpen the detec-
tion of market changes, enable refined customer segmentation, and provide continuously
evolving service offers causing innovation in marketing.

Gap and implications: The literature shows a lack of work analyzing innovation from
a cross industry perspective. There is a need to analyze how industrial determinants impact
the structure and scope of innovations designed driven by DDDM.

5.3. Results for RQ3: Business Performance and Profitability

Fifty-three percent of firms surveyed in the studies analyzed indicated that DDDM
adoption positively impacted ROI, conversion rates, and operational metrics. Predictive
Analytics (Section 4.7.5) proved to be a central enabler, as firms were able to curtail spending
on advertisements, reduce customer churn, and forecast inventory requirements with a
high degree of precision.

Geographic distribution shows a pronounced focus for North American studies on
profit and budgetary spending, whereas European research concentrated more on efficiency
improvements brought about through integrated marketing–supply chain analytics. These
tendencies align more with the Decision Science domain, that emphasizes the politically
motivated marketing of scarce resources to reap the maximum return on investment.

Answer to RQ3: DDDM enhanced strategic decision-making and improved the ef-
fectiveness of resource allocation, operational alignment with demand signals, and, thus,
business performance and profit.

Gap and implications: There are no longitudinal studies which determine whether
enhanced financial performance is maintained over longer periods, and there are gaps in
the DDDM evidence base concerning strategic implications over time.

5.4. Results for RQ4: Ethics and Implementation Considerations

While most of the literature recognizes ethical leadership as an influencing element
for applying Data-Driven Decision-Making (DDDM) in marketing, only a fraction, 19%,
of the surveyed literature demonstrated some form of relationship between governance
issues such as data governance, algorithmic fairness, and transparency compliance and the
outcomes of adoption. Organizational preparedness, which encompasses engagement from
the leadership, the maturity of analytics capabilities, and integration of data horizontally
as opposed to within silos were within more than a fourth of the studies as critical for
sustained engagement as adoption.

In Section 5.1, the data stewardship frameworks within organizations were shown to
enhance the adoption of personalization technologies, which mitigate trust and regulatory
risks for consumers; in Section 5.3, it was demonstrated that the faster return on investment
for firms with strong data governance and analytics capabilities achieved from DDDM
investments was proportional to the strength of their governance frameworks.

These interactions and some hypothetical frameworks, like the Institutional Theory,
which emphasizes external enforcement and internal adoption as joint determinants, as
well as the Technology–Organization–Environment (TOE), which examines the interplay
between readiness, technology, and the external context, can be justified further.

Answer to RQ4: Ethical governance frameworks enable the legitimacy and trust
necessary for DDDM, while the organizational preparedness describes the level at which
data-driven skills and competencies are integrated within the frameworks of the decision-
making processes of the organization. Without these prerequisites, even the most advanced
technological investments are unlikely to yield any strategic or operational value.

Gap and Implications: A blending of governance with organizational readiness to
evaluate the pace and depth of adoption within a given organization seems to be absent
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empirically. Such frameworks are needed that capture these effects and examine the
causative effects across industries and within differing regulatory environments.

6. Conclusions
The evolution of technologies such as Artificial Intelligence (AI), Machine Learn-

ing (ML), and Big Data Analytics has empowered industries and organizations to adopt
decision-making frameworks based on data (DDDM), which builds upon and refines earlier
established sound theories, models, and concepts in a myriad of disciplines, including
marketing. Data-driven decision-making (DDDM) as a skill enables organizations to com-
prehend and interpret consumer behavior, market forces, and resource allocation. DDDM
justifies a scientific and conceptual rationale based on Machine Learning, Predictive Model-
ing, and analytics for the prediction of market trends and optimal resource allocation. A
thorough analysis of 94 available peer-reviewed studies arranged within the thematic clus-
ters of industry, geography, and publication years reveal that the appropriate governance
framework for DDDM proves to be beneficial for nurturing innovation and improving
personalization and business performance.

Advanced technologies like GIS, marketing automation, and social media enable
valuable personal interactions and enhance customer experiences through the evaluation
of customer journey maps, behavioral segmentation, and customer lifetime value analysis.
Sustained engagement with the brand and loyalty is achieved through the resulting satisfac-
tion. Integration with marketing automation platforms enhances overall efficiency through
the elimination of repetitive tasks and through the adoption of proactive responsiveness to
emerging customer needs and market trends through Predictive Analytics.

The analysis substantiates that DDDM improves experiential mapping through jour-
ney mapping, behaviorally based segmentation, and bespoke interaction tailoring. Enforced
loyalty forecasted via CLV targeting, in conjunction with dynamic behavioral analytics,
sustain relevance in turbulent markets. Individualized message tailoring is a differentiator
that strengthens both engagement and satisfaction.

Dobrica’s synthesis argues that DDDM assists in sharpening marketing expenditures,
boosting ROI, and achieving better consolidation in the supply chain. Real-time campaign-
driven allocation coupled with demand forecasting using predictive models stunts the
rate of new product introductions while increasing total costs. This heightened agility and
captured value enhanced responsiveness in aggressive market structures.

Within the scope of marketing innovation, DDDM facilitates precise targeting in
audience segmentation, accelerates the custom-tailoring of products, and bolsters envi-
ronmentally conscious marketing. Unlike traditional approaches, a DDDM-driven supply
chain and inventory management approach increases operational effectiveness and re-
duces costs by minimizing waste and optimizing inventory management. This, in turn,
enhances the firm’s competitiveness and sustainability over time. In addition, DDDM
advanced analytics ensures optimal allocation of advertising expenditures considering the
return on investment. Still, the adoption of DDDM faces unshakable hurdles. Trust and
decision-making processes can be undermined and distorted due to data privacy, security,
and algorithmic bias. There is a gap in the analytics expertise described, coupled with
high implementation costs and difficulty merging with legacy systems. Every mentioned
challenge requires insufficient algorithm transparency and governance combined with
steady workforce capability investments, and enhanced frameworks proven in this review
to be critical moderators of adoption effectiveness.

Research suggests that the ethical governance frameworks of data transparency, bias
identification, and privacy policies serve as protective measures and are critical in maintain-
ing trust in DDDM systems. Readiness of the organization, which includes the maturity
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of data governance, collaboration across departments, and competency of the workforce,
has a crucial bearing on the adoption pace, outcomes, and overall impact. There remains a
consensus that the availability of advanced and sophisticated technologies, in the absence of
appropriate organizational governance and preparedness, hampers DDDM and essentially
undermines the return on investment.

Quantum computing, edge computing, augmented analytics, and blockchain are all
new technologies that may impact the future of DDDM, as they offer advanced capabilities
of analysis, enhanced security, and transparency. Moreover, the concept of federated
learning and differential privacy offers a means to generate insight while simultaneously
safeguarding user data. At the same time, marketing informed by neuroscience and hyper-
responsive AI systems that are emotionally aware could provide means through which
extreme hyper-personalization could be achieved.

At the technologies and innovation level, the review highlights that the marketing au-
tomation innovation driven by technology, along with preference and forecasting analytics,
is certainly a pillar of marketing innovations. Preference convergence across channels and
adaptive-semantics alteration of products respond proactively to shifts in the market. The
intertwining of innovation process with sustainability goals enhances the attractiveness
for the consumers classified as socially responsible investors by presenting sustainable
innovation as a strategic advantage.

From this synthesis, the following DDDM priorities have outlined the frameworks of
further investigation:

(i) Design energy-efficient data center algorithms to mitigate the environmental impact
of Big Data Analytics.

(ii) Create advanced real-time adaptive campaign Machine Learning systems.
(iii) Develop algorithms that incorporate bias detection and unbiasing systems to

ensure the analyzed systems operate without prejudice.
(iv) Create marketing and business KPIs that are analytically based and incorporate

sustainability objectives into the targets.
(v) Expand research on non-marketing domains with DDDM relevance through cross-

industry comparative studies.
Contribution to Literature:
This review contributes to DDDM scholarships through the following ways:

• Formulating a cross-cluster theoretical mapping that connects the applicative do-
mains of DDDM to The Technology Acceptance Model, The Resource-Based View,
Dynamic Capabilities Theory, and even Institutional Theory for better conceptual cross
research integration.

• Providing a multi-dimensional synthesis of 94 peer-reviewed articles organized into
thematic clusters which include customer experience enhancement, marketing innova-
tion, performance improvement, and ethical/implementation challenges, along with
industry, geography, and time, detailing the empirical basis for describing sectoral and
regional patterns.

• Enhancing systematic literature review protocols in marketing by applying PRISMA
for bounded topic research at the center of inclusion and exclusion criteria and key-
word and thematic coding through network and cluster mapping.

• Noticing a sparse set of cross-industry comparisons and longitudinal studies on
integrated governance frameworks assessing the impact of DDDM on performance,
and thus building a foundation for further scholarship on the subject.

• Emphasizing the infrequent use of Dynamic Capabilities Theory and the almost total
neglect of Service-Dominant Logic within the current DDDM corpus and proposing
the potential integration of these theories as fruitful approaches to understanding
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the ways in which Data-Driven Decision-Making facilitates strategic change and the
co-creation of value within service ecosystems.

Future research should also explore the joint use of Dynamic Capabilities and Service-
Dominant Logic to frame DDDM not only as a source of performance improvement,
but also as a mechanism for value co-creation and service innovation across evolving
marketing ecosystems.

Systemic Contribution:
One of the main contributions of this review is establishing the systemic nature of

Data-Driven Decision-Making in marketing. Conceptually, the combination of PRISMA
protocols with bibliometrics and thematic analysis offers a systemic mapping approach that
goes beyond quantifying research to capturing the systemic interrelations among studies.

Therefore, the thematic clusters identified and explored in the review—customer
experience, innovation, performance, and ethical challenges—function as subsystems in a
‘decision marketing system’, with feedback and overlaying outcome-shaping moderators’
systems at multiple organizational tiers.

From the perspective of theory, the reviewed literature forms a nested system: micro-
level adoption frameworks (e.g., Technology Adoption Model (TAM)), meso-level resource
and capability lenses (Resource-Based View (RBV), Dynamic Capabilities), and macro-
level governance systems (Institutional Theory, Ethical Theory) in polycentric interlocks
to explain DDDM adoption, usage, and impacts. This research adds to the literature
‘interdependent’ lenses which show DDDM as a non-bundled system of practices which
include the co-evolution of technology, people, organizations, and governance. Such
a systemic approach to the problem of DDDM is needed to help integrate the theory
and practice of creating marketing systems that are technologically driven, strategically
coherent, and ethically responsible.

New Recommendations and Research Directions:
There are several implementable research opportunities based on the findings of

this review. First, there is a need for longitudinal research across sectors to determine
the sustainability of the gains of AI-driven personalization, Predictive Analytics, and
automation. Such research would also help delineate how governance frameworks may
moderate the effects of analytics on consumers’ trust, which is another aspect of the
relationship that empirical studies appear to overlook.

Second, there is a need to explore how the maturity of data governance and the level
of organizational preparedness influence the impact of DDDM. While 19% of the reviewed
studies touched on issues of fairness, transparency, and privacy, very few investigated
how this governance mechanisms interact with resource endowments (RBV) and dynamic
capability (DC) reconfiguration. Empirical research on these interactions would help shed
light on the phenomenon of analytics for responsible high-performance adoption.

Third, there is a considerable need for comparative, cross-industry research that
investigates DDDM outcomes. There are sectors where there are cultural expectations and
competitive pressures. There are also those with strict regulatory frameworks (e.g., finance
and healthcare) which may impact on the adoption of AI-driven personalization and
algorithmic decision-making compared to consumer-facing sectors, which are more flexible.
Such research will help delineate the boundaries within which DDDM is most effective.

Lastly, it is important for practitioners to focus on integrating governance principles
including transparency, explainability, and bias mitigation at the stages of implementing
AI and ML. It is observed that having strong governance and cross-functional collabora-
tions along with technological investments enables the organization to derive substantial
and sustainable value from DDDM. This suggests that future managerial designs should
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incorporate ethics by design, along with analytics literacy, and provisions to mitigate the
unintended consequences of algorithmic decision-making.

Lastly, ethical governance, transparency, and the responsible practice of AI, while
becoming the focus of the discussions revolving around marketing in a technological world,
remain underrepresented in the current Scopus-based corpus. As a result, future research
should begin to collect, represent, and visualize the contributions of different databases
to the corpus to reflect the state of the art of the rapidly evolving field of data governance
and algorithmic accountability. Filling the corpus with evidence will lead to resourceful
theorizing about the ways ethical and regulatory frameworks constrain, or facilitate, the
adoption and efficiency of DDDM technologies.

Final Remark:
DDDM exemplifies a paradigm shift to scalable, adaptive, and ethically sound

evidence-based marketing. Governance rigor, the integration of technological and an-
alytical strength, and robust governance frameworks will allow for organizations to thrive
in a competitive, data-rich landscape.
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Appendix A

Table A1. Overview of document citations in the period from ≤2014 to 2024.

Documents ≤2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 Total

Exploring Customer Segmentation in E-commerce Using RFM
Analysis with Clustering Techniques 2024 0 0 0 0 0 0 0 0 0 0 1 1

Consumer Experience and Decision-Making in the Metaverse 2024 0 0 0 0 0 0 0 0 0 0 1 1

The use of artificial intelligence in marketing strategies:
Automation, personalization and forecasting 2024 0 0 0 0 0 0 0 0 0 0 2 2
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Table A1. Cont.

Documents ≤2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 Total

A pricing optimization modelling for assisted decision-making
in telecommunication product-service bundling 2024 0 0 0 0 0 0 0 0 0 0 4 4

Growth hacking and international dynamic marketing
capabilities: a conceptual framework and research propositions 2024 0 0 0 0 0 0 0 0 0 1 13 14

Harnessing data analytics and marketing intelligence for
sustainable marketing innovation 2024 0 0 0 0 0 0 0 0 0 0 2 2

Supply chain analytics: Overview, emerging issues, and
research outlook 2024 0 0 0 0 0 0 0 0 0 0 0 0

Research trends in market intelligence: a review through a
data-driven quantitative approach 2024 0 0 0 0 0 0 0 0 0 0 1 1

Theorizing Data-Driven Innovation Capabilities to Survive and
Thrive in the Digital Economy 2024 0 0 0 0 0 0 0 0 0 2 13 15

A comprehensive review on leveraging business intelligence for
enhanced marketing analytics 2023 0 0 0 0 0 0 0 0 0 0 5 5

The synergy of management information systems and
predictive analytics for marketing 2023 0 0 0 0 0 0 0 0 0 0 12 12

Marketing automation and decision making: The role of
heuristics and AI in marketing 2023 0 0 0 0 0 0 0 0 0 1 2 3

Marketing analytics: The bridge between customer psychology
and marketing decision-making 2023 0 0 0 0 0 0 0 0 0 2 23 25

Building a strong brand: Future strategies and insights 2023 0 0 0 0 0 0 0 0 0 0 2 2

Abridging the digital marketing gap: Artificial intelligence (AI)
and Internet of Things (IoT) in boosting global economic growth 2023 0 0 0 0 0 0 0 0 0 0 4 4

Removing silos to enable data-driven decisions: The
importance of marketing and IT knowledge, cooperation, and

information quality
2023 0 0 0 0 0 0 0 0 0 3 10 13

Unveiling the Dynamic Journey from Data Insights to Action in
Data Science 2023 0 0 0 0 0 0 0 0 0 0 3 3

Diversity representation in advertising 2023 0 0 0 0 0 0 0 0 0 0 5 5

Consumer Behaviour and Analytics, Second Edition 2023 0 0 0 0 0 0 0 0 0 0 2 2

Innovative Integration of Embedded Voice and Digital
Forensics Systems for Optimal Financial Cost Management:

Commercialization and Marketing Strategies
2023 0 0 0 0 0 0 0 0 0 0 2 2

Quantitative Anxiety and Insights for Preparing Students for
Data-Driven Marketing Jobs: An Abstract 2023 0 0 0 0 0 0 0 0 0 1 6 7

Analyzing the past, improving the future: a multiscale opinion
tracking model for optimizing business performance 2022 0 0 0 0 0 0 0 0 0 1 3 4

THE COG 2022-Transforms in Behavioral and Affective
Computing (Revisited) 2022 0 0 0 0 0 0 0 0 1 0 0 1

The Future of Destination Marketing Organizations in the
Insight Era 2022 0 0 0 0 0 0 0 0 0 3 5 8

Are longer reviews always more helpful? Disentangling the
interplay between review length and line of argumentation 2022 0 0 0 0 0 0 0 0 2 8 14 24

AI in marketing, consumer research and psychology: A
systematic literature review and research agenda 2022 0 0 0 0 0 0 0 0 27 75 127 229

Data-driven method for mobile game publishing revenue
forecast 2022 0 0 0 0 0 0 0 0 0 1 1 2

Neuro management decision-making and cognitive algorithmic
processes in the technological adoption of mobile commerce

apps
2021 0 0 0 0 0 0 0 0 23 24 23 70

Data-driven marketing for growth and profitability 2021 0 0 0 0 0 0 0 3 4 12 27 46

Setting B2B digital marketing in artificial intelligence-based
CRMs: A review and directions for future research 2021 0 0 0 0 0 0 0 7 28 56 63 154

Modelling relationships between retail prices and consumer
reviews: A machine discovery approach and comprehensive

evaluations
2021 0 0 0 0 0 0 0 1 2 1 4 8

A large multi-group decision-making technique for prioritizing
the big data-driven circular economy practices in the

automobile component manufacturing industry
2021 0 0 0 0 0 0 0 10 19 29 23 81

Bridging marketing theory and big data analytics: The
taxonomy of marketing attribution 2021 0 0 0 0 0 0 0 17 27 23 16 83

Deep Neural Network Model for Improving Price Prediction of
Natural Gas 2021 0 0 0 0 0 0 0 0 2 0 1 3
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Table A1. Cont.

Documents ≤2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 Total

Ceding to their fears: a taxonomic analysis of the heterogeneity
in COVID-19 associated perceived risk and intended travel

behaviour
2021 0 0 0 0 0 0 0 4 15 18 14 51

Retail analytics: store segmentation using Rule-Based
Purchasing behaviour analysis 2021 0 0 0 0 0 0 0 0 1 2 3 6

Lifestyles in Amazon: Evidence from online reviews enhanced
recommender system 2020 0 0 0 0 0 1 1 2 3 6 6 19

Cognitive computing, Big Data Analytics and data-driven
industrial marketing 2020 0 0 0 0 0 0 1 6 2 6 5 20

Real-time big data processing for instantaneous marketing
decisions: A problematization approach 2020 0 0 0 0 0 0 5 17 25 21 30 98

Growth hacking: Insights on data-driven decision-making from
three firms 2020 0 0 0 0 0 0 1 18 14 29 34 96

Consumer preference analysis: A data-driven multiple criteria
approach integrating online information 2020 0 0 0 0 0 0 2 8 8 9 20 47

THE DATA HIERARCHY: factors influencing the adoption and
implementation of data-driven decision-making 2019 0 0 0 0 0 0 0 1 2 4 5 12

Establishing an automated brand index based on opinion
mining: analysis of printed and social media 2019 0 0 0 0 0 0 1 1 1 3 1 7

Consumer behaviour and analytics 2019 0 0 0 0 0 0 0 2 0 0 4 6

Consumer Information for Data-Driven Decision Making:
Teaching Socially Responsible Use of Data 2019 0 0 0 0 0 1 1 3 1 1 8 15

How Artificial Intelligence Affects Digital Marketing 2019 0 0 0 0 0 0 2 2 3 11 21 39

Social Network Advertising Classification Based on Content
Categories 2019 0 0 0 0 0 0 2 0 1 1 0 4

Embracing AI and Big Data in customer journey mapping:
From literature review to a theoretical framework 2019 0 0 0 0 0 0 1 2 5 6 9 23

Business analytics in manufacturing: Current trends, challenges
and pathway to market leadership 2019 0 0 0 0 0 0 3 5 12 9 14 43

A hierarchical framework for ad inventory allocation in
programmatic advertising markets 2018 0 0 0 0 0 0 1 2 2 2 4 11

Unlocking competitiveness through scent names: A data-driven
approach 2018 0 0 0 0 0 0 0 4 1 0 0 5

Redefining HR using People Analytics: The Case of Google 2018 0 0 0 0 0 0 3 6 3 12 15 39

Quantitative Analysis for Country Classification in the
Construction Industry 2017 0 0 0 1 1 3 9 1 3 5 2 25

The rise (and fall?) of HR analytics: A study into the future
application, value, structure, and system support 2017 0 0 0 2 1 7 13 19 23 28 33 126

Using Big Data to model time-varying effects for marketing
resource (re)allocation 2016 0 0 2 3 10 9 9 13 7 9 6 68

Sport business analytics: Using data to increase revenue and
improve operational efficiency 2016 0 0 0 0 0 0 0 0 1 1 0 2

Multiperiod Multiproduct Advertising Budgeting: Stochastic
Optimization Modeling 2016 0 0 1 3 4 2 2 2 0 1 1 16

The Big Data Hierarchy: A Multi-stage Perspective on
Implementing Big Data 2016 0 0 0 0 0 0 1 0 0 0 0 1

Data-driven marketing decision making: An application of
DEA in tourism marketing channels 2016 0 0 0 0 0 2 0 0 1 1 1 5

Creating a market analytics tool that marketers LOVE to use: A
case of digital transformation at Beiersdorf 2016 0 0 0 0 0 1 1 0 0 2 0 4

Innovation of enterprise profit patterns based on Big Data 2015 0 0 0 1 1 0 0 0 0 0 2 4

Analytics and Dynamic Customer Strategy: Big Profits from Big
Data 2014 0 0 0 0 0 1 0 1 1 0 0 3

Integrated marketing communications: From media channels to
digital connectivity 2013 0 0 0 0 0 1 0 1 0 2 7 11

The development and diffusion of customer relationship
management (CRM) intelligence in business-to-business

environments
2013 0 3 4 8 3 3 7 5 4 3 2 45

Tourist differentiation: Developing a typology for the winter
sports market 2013 0 0 1 0 3 1 4 0 0 0 0 9

Bayesian multi-resolution spatial analysis with applications to
marketing 2012 2 0 0 4 0 0 1 4 1 2 0 12

Return on marketing investment: Pizza Hut Korea’s case 2012 2 0 0 0 0 0 0 0 0 0 0 0
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Table A1. Cont.

Documents ≤2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 Total

Improved understanding of tourists’ needs: Cross-classification
for validation of data-driven segments 2012 1 0 0 0 0 0 0 0 1 0 0 2

Integrated marketing communications: From media channels to
digital connectivity 2009 19 10 9 16 12 21 13 14 13 10 3 129

Building relationships with major-gift donors: A major-gift
decision-making, relationship-building model 2009 1 0 1 0 1 0 0 2 2 4 1 13

Decision-centric active learning of binary-outcome models 2007 22 1 0 1 1 3 2 1 2 0 5 18

User heterogeneity and its impact on electronic auction market
design: An empirical exploration 2004 151 11 8 11 7 9 10 10 9 4 6 254

Stratlogics: Towards an expert systems approach to the analysis
of competitive positioning 1995 3 0 0 1 0 0 0 0 0 0 2 3

Total 235 25 26 51 44 65 96 194 302 455 684 1976

Appendix B

Table A2. Mapping of reviewed studies to thematic clusters, conceptual framework components, and
research questions.

Ref. No. Cluster Framework Component Specific Focus Linked RQ

1 Customer Experience Enhancement Marketing Processes Segmentation, targeting, personalization RQ1
2 Customer Experience Enhancement Marketing Processes Personalization, predictive modeling RQ1
19 Customer Experience Enhancement Technological Capabilities AI for personalization RQ1
21 Customer Experience Enhancement Technological Capabilities Data-driven marketing strategy RQ1
23 Customer Experience Enhancement Technological Capabilities AI in marketing decision-making RQ1
28 Customer Experience Enhancement Technological Capabilities AI applications in personalization RQ1
40 Customer Experience Enhancement Technological Capabilities Recommender systems RQ1
41 Customer Experience Enhancement Marketing Processes Recommendation-based targeting RQ1
42 Customer Experience Enhancement Marketing Processes Spatial analysis for targeting RQ1
45 Customer Experience Enhancement Technological Capabilities AI-based CRM systems RQ1
46 Customer Experience Enhancement Technological Capabilities AI impact on marketing RQ1
47 Customer Experience Enhancement Outcomes Enhanced customer decision-making RQ1
50 Customer Experience Enhancement Technological Capabilities Marketing tech readiness RQ1
59 Customer Experience Enhancement Marketing Processes Forecasting for personalization RQ1
66 Customer Experience Enhancement Outcomes Consumer behavior insights RQ1
67 Customer Experience Enhancement Outcomes Analytics for consumer understanding RQ1
68 Customer Experience Enhancement Marketing Processes Segmentation via RFM analysis RQ1
69 Customer Experience Enhancement Outcomes Digital marketing practices RQ1
72 Customer Experience Enhancement Outcomes Relationship building RQ1
73 Customer Experience Enhancement Outcomes CRM intelligence RQ1
75 Customer Experience Enhancement Outcomes Tourist market segmentation RQ1
78 Customer Experience Enhancement Outcomes Consumer targeting in manufacturing RQ1
80 Customer Experience Enhancement Marketing Processes Consumer preference modeling RQ1
85 Customer Experience Enhancement Outcomes Sustainable marketing innovation RQ1
89 Customer Experience Enhancement Outcomes ROI improvements RQ1
94 Customer Experience Enhancement Outcomes Business performance in digital marketing RQ1

100 Customer Experience Enhancement Marketing Processes Intro to data-driven marketing RQ1
117 Customer Experience Enhancement Marketing Processes Enhanced recommender systems RQ1
4 Marketing Innovation Technological Capabilities ML for decision-making RQ2
24 Marketing Innovation Technological Capabilities AI in consumer research RQ2
25 Marketing Innovation Technological Capabilities Balancing AI and human interaction RQ2
26 Marketing Innovation Technological Capabilities ML in automotive decision-making RQ2
29 Marketing Innovation Outcomes B2C positioning with data RQ2
33 Marketing Innovation Technological Capabilities Big Data for circular economy RQ2
43 Marketing Innovation Technological Capabilities IoT for marketing growth RQ2
44 Marketing Innovation Technological Capabilities Retail price modeling RQ2
50 Marketing Innovation Technological Capabilities Marketing tech readiness RQ2
53 Marketing Innovation Technological Capabilities Leadership and tech trends RQ2
58 Marketing Innovation Technological Capabilities Customer journey mapping with AI RQ2
60 Marketing Innovation Technological Capabilities Data science applications RQ2
61 Marketing Innovation Technological Capabilities Business analytics RQ2
62 Marketing Innovation Technological Capabilities Big Data in consumer behavior RQ2
79 Marketing Innovation Outcomes Omnichannel retail balance RQ2
85 Marketing Innovation Outcomes Sustainable marketing innovation RQ2
97 Marketing Innovation Technological Capabilities Supply chain analytics RQ2
5 Performance Improvement Outcomes Profitability from data-driven marketing RQ3
12 Performance Improvement Technological Capabilities Marketing analytics RQ3
30 Performance Improvement Technological Capabilities Big Data for marketing resource allocation RQ3
31 Performance Improvement Technological Capabilities Customer strategy from analytics RQ3
32 Performance Improvement Technological Capabilities Linking marketing theory and Big Data RQ3
34 Performance Improvement Technological Capabilities Psychology and marketing analytics RQ3
35 Performance Improvement Marketing Processes Customer segment optimization RQ3
36 Performance Improvement Technological Capabilities Automated brand index RQ3
56 Performance Improvement Outcomes Operational efficiency in sports business RQ3
57 Performance Improvement Outcomes Forecasting business persistency RQ3
63 Performance Improvement Technological Capabilities Retail segmentation analytics RQ3
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Table A2. Cont.

Ref. No. Cluster Framework Component Specific Focus Linked RQ

78 Performance Improvement Outcomes Business analytics in manufacturing RQ3
81 Performance Improvement Technological Capabilities Quantitative classification RQ3
82 Performance Improvement Technological Capabilities Competitive positioning RQ3
83 Performance Improvement Technological Capabilities Competitive analysis RQ3
84 Performance Improvement Outcomes Marketing budget allocation RQ3
86 Performance Improvement Outcomes Brand building strategies RQ3
89 Performance Improvement Outcomes ROI improvements RQ3
90 Performance Improvement Technological Capabilities Ad inventory allocation RQ3
91 Performance Improvement Technological Capabilities Advertising budget optimization RQ3
92 Performance Improvement Outcomes Diversity in advertising RQ3
93 Performance Improvement Outcomes Opinion tracking for performance RQ3
94 Performance Improvement Outcomes Digital marketing performance RQ3
98 Performance Improvement Technological Capabilities Pricing optimization modeling RQ3
8 Ethical and Implementation Challenges Moderators IoT ethics in tourism RQ4
16 Ethical and Implementation Challenges Moderators Factors influencing adoption RQ4
17 Ethical and Implementation Challenges Moderators Removing silos for DDDM RQ4

101 Ethical and Implementation Challenges Moderators Data protection to avoid discrimination RQ4
102 Ethical and Implementation Challenges Moderators Security risk assessment RQ4
103 Ethical and Implementation Challenges Moderators Cybersecurity in Big Data RQ4
104 Ethical and Implementation Challenges Moderators Data privacy challenges RQ4
105 Ethical and Implementation Challenges Moderators Algorithmic bias risks RQ4
106 Ethical and Implementation Challenges Moderators Bias in ML-based marketing models RQ4
107 Ethical and Implementation Challenges Moderators Bias in AI-driven innovation RQ4
108 Ethical and Implementation Challenges Moderators Cognitive computing ethics RQ4
111 Ethical and Implementation Challenges Moderators Innovation capabilities and readiness RQ4
113 Ethical and Implementation Challenges Moderators Data integration challenges RQ4
114 Ethical and Implementation Challenges Moderators Genomics data integration ethics RQ4
116 Ethical and Implementation Challenges Moderators Big Data integration ethics RQ4
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