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Abstract

This review paper systematically examines the role of marketing analytics in enabling
strategic decision-making in contemporary organizations. As marketing functions
increasingly rely on large volumes of structured and unstructured data, analytics tools such
as dashboards, predictive models, and artificial intelligence have become integral to
strategic planning, performance optimization, and competitive advantage. Drawing on peer-
reviewed studies published between 2012 and July 2025, this review synthesizes research
on how marketing analytics informs strategic choices related to segmentation, targeting,
pricing, customer relationship management, and resource allocation. Following PRISMA.-
aligned procedures, studies are classified according to analytics maturity levels, analytical
tools employed, decision domains, and industry contexts. The findings indicate that
descriptive dashboards support operational monitoring, predictive analytics enhances
forward-looking decisions, and Al-driven models increasingly shape strategic foresight. The
review contributes by integrating fragmented literature into a coherent framework that links
analytics capabilities with strategic marketing outcomes.
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1. Introduction

In recent years, marketing decision-making has undergone a fundamental transformation
driven by the exponential growth of data, advances in analytical tools, and the increasing
availability of artificial intelligence (Al)—enabled technologies. Traditional marketing
decisions, once guided largely by managerial intuition and historical experience, are now
increasingly shaped by systematic analysis of customer data, market signals, and real-time
performance metrics. This shift has elevated marketing analytics from a supporting
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function to a strategic capability that directly influences organizational competitiveness and
long-term value creation (Wedel & Kannan, 2016).

Marketing analytics broadly refers to the processes, tools, and techniques used to collect,
analyze, and interpret marketing-related data to inform decision-making. These data sources
include customer transactions, digital interactions, social media activity, campaign
responses, and external market information. With the rise of big data and cloud-based
technologies, organizations can now integrate diverse data streams into dashboards,
predictive models, and Al-driven systems that support both tactical and strategic marketing
decisions (Davenport et al., 2020).

Strategic decision-making in marketing involves choices that have long-term implications
for organizational positioning, resource allocation, and competitive advantage. Decisions
related to market segmentation, targeting and positioning, pricing strategy, customer
relationship management, and brand portfolio management increasingly depend on
analytical insights rather than subjective judgment alone. Marketing analytics enables
managers to reduce uncertainty, evaluate alternative scenarios, and align marketing actions
with broader business objectives (Kumar et al., 2021).

A key development in this transformation is the growing use of marketing dashboards as
decision-support tools. Dashboards consolidate key performance indicators (KPIs) into
visual interfaces, allowing managers to monitor market trends, campaign effectiveness, and
customer behavior in real time. While dashboards are primarily associated with descriptive
and diagnostic analytics, they play a crucial role in strategic alignment by linking marketing
outcomes to organizational goals (Pauwels et al., 2009). Their widespread adoption reflects
the need for timely, interpretable, and actionable insights at the strategic level.

Beyond descriptive analytics, predictive models have become central to forward-looking
marketing strategies. Techniques such as demand forecasting, churn prediction, customer
lifetime value estimation, and response modeling allow firms to anticipate future outcomes
and proactively shape strategy. Empirical research suggests that organizations using
predictive analytics are better positioned to optimize resource allocation and sustain
competitive advantage (Fader & Hardie, 2013; Shmueli & Koppius, 2011).

More recently, artificial intelligence and machine learning have further expanded the
scope of marketing analytics. Al-driven systems can process vast datasets, identify complex
patterns, and automate decision rules with minimal human intervention. Applications such
as recommendation engines, dynamic pricing algorithms, and personalized content delivery
systems illustrate how Al is increasingly embedded in strategic marketing processes (Huang
& Rust, 2021). At the same time, these developments raise new questions about
transparency, explainability, and managerial control in strategic decision-making.
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This systematic review addresses these gaps by synthesizing research on the role of
marketing analytics in strategic decision-making, with particular attention to the use of data,
dashboards, predictive models, and Al-enabled systems. By consolidating findings across
diverse studies published between 2012 and July 2025, the review aims to clarify how
analytics capabilities shape strategic marketing decisions, identify dominant research
themes, and highlight areas for future investigation. In doing so, it contributes to a more
coherent understanding of marketing analytics as a strategic, rather than merely operational,
function.

2. Literature Review

Research on marketing analytics has expanded substantially over the past decade, reflecting
the growing reliance of organizations on data-driven approaches to inform strategic
decisions. The literature spans multiple domains, including marketing strategy, information
systems, data science, and management studies. This review synthesizes prior research by
organizing it into five interrelated streams: conceptual foundations of marketing analytics,
dashboards as strategic decision-support tools, predictive models in marketing strategy, the
role of artificial intelligence in analytics-driven decisions, and key gaps in existing
scholarship.

2.1 Conceptual Foundations of Marketing Analytics

Marketing analytics is commonly defined as the systematic use of data, analytical
techniques, and models to generate insights that support marketing decisions (Wedel &
Kannan, 2016). Early conceptualizations emphasized measurement and performance
tracking, focusing on campaign evaluation and return on marketing investment (Rust et al.,
2004). Over time, the scope of analytics has broadened to encompass strategic planning,
customer management, and market foresight.

Scholars frequently distinguish among descriptive, diagnostic, predictive, and
prescriptive analytics. Descriptive analytics summarizes historical data to explain what has
happened, while diagnostic analytics explores why outcomes occurred. Predictive analytics
uses statistical and machine learning models to forecast future behavior, and prescriptive
analytics recommends optimal actions based on predicted outcomes (Shmueli & Koppius,
2011). This progression reflects increasing analytical maturity and strategic relevance.

From a strategic perspective, marketing analytics is increasingly viewed as an
organizational capability rather than a set of isolated tools. Studies grounded in the
resource-based view argue that analytics capabilities can create sustained competitive
advantage when they are valuable, rare, and embedded in organizational processes (Wamba
et al., 2017). This shift has prompted researchers to examine not only analytical techniques
but also governance structures, data quality, and managerial interpretation.
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2.2 Dashboards and Strategic Decision Support

Marketing dashboards represent one of the most widely adopted analytics tools in practice.
Dashboards integrate data from multiple sources into visual displays of key performance
indicators, enabling managers to monitor performance and detect deviations from strategic
goals (Pauwels et al., 2009). While dashboards are primarily associated with descriptive and
diagnostic analytics, their strategic value lies in enhancing transparency and alignment
across organizational levels.

Empirical studies suggest that well-designed dashboards improve decision quality by
reducing information overload and facilitating sense-making (Few, 2013). However,
research also cautions that dashboards may encourage short-termism if managers focus
excessively on easily measurable metrics at the expense of long-term strategic objectives
(Marr, 2016). This tension highlights the importance of aligning dashboard design with
strategic priorities rather than operational convenience alone.

In the marketing context, dashboards have been linked to improved coordination between
marketing and senior management, as they translate complex data into accessible insights
(LaPointe, 2015). Nevertheless, the literature indicates considerable variation in how
dashboards are used, ranging from passive reporting tools to active instruments of strategic
control.

2.3 Predictive Models in Marketing Strategy

Predictive analytics constitutes a central pillar of analytics-driven marketing strategy.
Research in this area focuses on models that forecast customer behavior, market demand,
and competitive dynamics. Common applications include churn prediction, customer
lifetime value estimation, response modeling, and sales forecasting (Fader & Hardie, 2013).

Studies consistently report that predictive models enable more proactive and forward-
looking strategic decisions. For example, customer lifetime value models support strategic
resource allocation by identifying high-value segments and guiding retention strategies
(Kumar et al., 2010). Similarly, demand forecasting models inform pricing and inventory
decisions, linking marketing analytics to broader strategic planning processes.

Despite their potential, predictive models also pose challenges. Scholars note issues related
to model interpretability, data bias, and overreliance on quantitative forecasts (Makridakis
et al., 2018). These concerns are particularly salient at the strategic level, where decisions
often involve uncertainty and qualitative judgment alongside quantitative evidence.

2.4 Artificial Intelligence and Advanced Marketing Analytics

Recent literature highlights the transformative role of artificial intelligence and machine
learning in marketing analytics. Al-enabled systems can process large-scale, high-velocity
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data and identify non-linear patterns that traditional statistical models may overlook
(Davenport et al., 2020). Applications such as recommendation systems, dynamic pricing
algorithms, and automated content personalization exemplify the integration of Al into
strategic marketing decisions.

Scholars argue that Al shifts marketing analytics from decision support to decision
automation, raising fundamental questions about the role of human judgment in strategy
formulation (Huang & Rust, 2021). While Al can enhance efficiency and precision,
concerns regarding transparency, explainability, and ethical use of data remain prominent in
the literature (Martin & Murphy, 2017).

3. Methodology

This study employs a systematic literature review (SLR) methodology to examine how
marketing analytics supports strategic decision-making, with specific emphasis on the use
of data, dashboards, predictive models, and artificial intelligence in marketing contexts. The
review design is informed by the PRISMA (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses) framework, which has been widely adapted for management
and information systems research. PRISMA provides a rigorous protocol for identifying,
screening, and synthesizing relevant studies, thereby enhancing reproducibility and
methodological credibility (Page et al., 2021). Although the present study does not conduct
a meta-analysis, PRISMA guidelines are applied to structure the review process and
reporting.

Both quantitative and qualitative empirical studies were included, along with prior
review papers that provided integrative or conceptual insights into marketing analytics. To
capture the evolution of analytics-driven marketing, the review covers studies published
between 2012 and July 2025. This period corresponds with the rise of big data
infrastructures, widespread adoption of dashboards and predictive analytics, and the recent
acceleration of Al-enabled marketing applications.

3.1 Search Strategy

A comprehensive and systematic search strategy was designed to identify peer-reviewed
studies examining the role of marketing analytics in strategic decision-making. Given the
interdisciplinary nature of the topic, the search encompassed literature from marketing,
information systems, management science, and analytics-focused journals. The objective
was to capture both conceptual and empirical research that explicitly linked analytical tools
and techniques to strategic marketing outcomes.

Electronic searches were conducted across major academic databases, including Scopus,
Web of Science, Google Scholar, Emerald Insight, Taylor & Francis Online, Sage
Journals, and ScienceDirect. These databases were selected to ensure broad coverage of
high-quality international research as well as studies published in leading marketing and
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analytics journals. In addition, backward citation tracking was employed by reviewing
reference lists of influential articles and prior review papers to identify relevant studies not
retrieved through database searches.

3.2 Study Selection

The study selection process was guided by clearly articulated inclusion and exclusion
criteria to ensure that the reviewed literature was both relevant and methodologically sound.
Establishing explicit selection boundaries is essential in systematic reviews, as it enhances
transparency and reduces subjective bias in the synthesis of evidence (Kitchenham &
Charters, 2007).

Studies were included in the review if they met four primary conditions. First, the research
had to focus explicitly on marketing analytics or closely related analytical practices such
as data-driven marketing, predictive modeling, dashboard-based decision support, or Al-
enabled marketing systems. Second, the study needed to establish a clear linkage between
analytics usage and strategic decision-making, including but not limited to segmentation,
targeting, pricing strategy, customer relationship management, or long-term competitive
positioning. Third, only peer-reviewed journal articles were considered to ensure
academic rigor. Finally, studies had to fall within the defined temporal scope of 2012 to
July 2025.

3.3 Procedures

The procedural steps of this systematic review were implemented in a structured and
transparent manner to ensure consistency, replicability, and analytical rigor. Following the
execution of the database search, all retrieved records were imported into reference
management software to facilitate organization and screening. Duplicate entries arising
from overlapping database coverage were identified and removed prior to further
evaluation.

The screening process was conducted in two sequential phases. In the initial screening
phase, titles and abstracts were reviewed to determine their preliminary relevance to the
objectives of the study. Articles that did not address marketing analytics or lacked an
explicit connection to strategic decision-making were excluded at this stage. This phase
enabled the efficient refinement of the dataset while retaining studies with potential
relevance.

3.4 Data Extraction

Data extraction was conducted using a structured and standardized protocol to ensure
consistency across the selected studies and to facilitate systematic synthesis. A data
extraction template was developed prior to analysis, informed by best practices in
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systematic review methodology (Miles et al., 2014). This template enabled the uniform
capture of key attributes from each article and reduced the risk of interpretive bias.

For every included study, bibliographic information (author(s), year, and journal) was
recorded alongside methodological characteristics such as research design, data sources,
and analytical techniques employed. Particular emphasis was placed on identifying the type
of marketing analytics examined—namely dashboards and visualization tools, predictive
models, or Al-enabled analytics systems. The extraction process also captured reported
strategic outcomes, such as improvements in decision quality, strategic alignment,
forecasting accuracy, or long-term performance implications. Where studies examined
multiple analytics tools or decision domains, each relevant component was extracted
separately to preserve analytical nuance.

4. Results

The synthesis of the reviewed literature reveals clear patterns regarding how marketing
analytics contributes to strategic decision-making across organizations. The results are
organized around two primary dimensions: (i) the types of analytics tools employed and the
strategic decision domains they support, and (ii) the relationship between analytics maturity
and strategic impact. This structure mirrors the analytical logic adopted in prior systematic
reviews while presenting original findings specific to marketing analytics.

4.1 Analytics Tools and Strategic Decision Domains

The reviewed studies consistently demonstrate that different analytics tools support distinct
layers of strategic decision-making. Dashboards, predictive models, and Al-enabled
systems serve complementary, rather than substitutive, roles within the strategic marketing
process.

Marketing dashboards are predominantly associated with strategic monitoring and
alignment. Studies indicate that dashboards translate complex datasets into visual
representations that support executive-level oversight, facilitate cross-functional
communication, and align marketing activities with organizational objectives (Pauwels et
al., 2009; Marr, 2016). While dashboards are primarily descriptive and diagnostic, their
strategic relevance lies in enabling timely recognition of performance deviations and
informing corrective strategic action.

Predictive analytics plays a more direct role in shaping forward-looking strategic
decisions. Research highlights applications such as customer lifetime value estimation,
churn prediction, demand forecasting, and campaign response modeling as central to
strategic resource allocation and prioritization (Fader & Hardie, 2013; Kumar et al., 2010).
Predictive models enable managers to evaluate alternative scenarios and anticipate market
shifts, thereby reducing strategic uncertainty.
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Table 1: Summary of Reviewed Studies on Marketing Analytics and Strategic
Decision-Making

Author(s) & Year Analytics Tool Strategic Decision Key Strategic
Domain Contribution

Pauwels et al. Dashboards Performance Improves strategic

(2009) alignment visibility

Kumar et al. Predictive Customer management Enhances resource

(2010) models allocation

Fader & Hardie Predictive Segmentation strategy  Supports long-term value

(2013) analytics focus

Davenport et al. Al analytics Competitive strategy ~ Enables automated

(2020) decision rules

Huang & Rust Al systems Personalization Drives adaptive strategic

(2021) strategy responses

Marr (2016) Dashboards Strategic control Reduces information

asymmetry

4.2 Analytics Maturity and Strategic Impact

A second dominant pattern concerns the relationship between analytics maturity and
strategic impact. The literature suggests a progression from basic data reporting to advanced
analytics-driven strategy formulation. Organizations at lower levels of analytics maturity
primarily use dashboards for reporting and control, resulting in incremental strategic
improvements. In contrast, firms with advanced analytics capabilities integrate predictive
and Al-driven models into strategic planning processes, enabling more proactive and
anticipatory decision-making (Wamba et al., 2017).

Several studies emphasize that analytics maturity is not solely a technological issue but also
an organizational and managerial one. Strategic impact depends on data quality, analytical
skills, governance structures, and the ability of managers to interpret and act on analytical
insights (Mikalef et al., 2020). Without these complementary capabilities, investments in
advanced analytics tools yield limited strategic benefits.
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Table 2: Analytics Maturity Levels and Strategic Impact

Analytics Maturity Dominant Strategic Role Impact on

Level Tools Decision-Making

Basic Dashboards Monitoring Reactive strategy

Intermediate Predictive Forecasting Proactive planning
models

Advanced Al-driven Automation & Strategic foresight
systems learning

Synthesis of Results

Overall, the results indicate that marketing analytics contributes to strategic decision-
making through a layered architecture of tools and capabilities. Dashboards support
strategic alignment, predictive models enable forward-looking decisions, and Al systems
extend strategic foresight. The strategic value of analytics is maximized when these tools
are embedded within organizational processes and supported by managerial competence.

5. Discussion
Table 3: Strategic Functions of Marketing Analytics Tools

Analytics Tool Core Strategic Function Decision Horizon

Dashboards Strategic monitoring and alignment Short to medium term
Predictive models Anticipatory planning and prioritization Medium term

Al-enabled analytics Strategic learning and adaptation Long term

Marketing analytics tools differ fundamentally in how they contribute to strategic decision-
making. Dashboards primarily support strategic visibility by translating complex
performance data into accessible visual formats. Prior research shows that dashboards
enhance alignment between marketing actions and organizational objectives by enabling
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managers to track progress against strategic goals (Pauwels et al., 2009; Marr, 2016).
However, their contribution remains largely descriptive and diagnostic, limiting their ability
to independently shape long-term strategy.

Predictive models extend strategic relevance by enabling forward-looking decision-
making. By forecasting customer behavior, demand patterns, and campaign responses,
predictive analytics allows firms to proactively allocate resources and evaluate alternative
strategic scenarios (Fader & Hardie, 2013; Shmueli & Koppius, 2011). Unlike dashboards,
predictive models support strategic choice under uncertainty, making them central to
evidence-based marketing strategy.

Table 4: Analytics and Managerial Decision Roles

Analytics Capability Managerial Role Strategic Contribution

Dashboards Sense-making Performance control
Predictive analytics Evaluation Strategic prioritization
Al-driven analytics Delegation Speed and scalability

The literature indicates that analytics does not eliminate managerial judgment but
reconfigures managerial roles. Dashboards assist managers in sense-making by reducing
information overload and structuring attention toward key metrics (Few, 2013). Predictive
analytics shifts managerial focus toward evaluation and interpretation, requiring managers
to assess model outputs in light of contextual knowledge and strategic intent (Kumar et al.,
2010).

Al-enabled analytics introduces a more profound shift by enabling partial delegation of
decision authority to algorithms. Machine learning systems increasingly recommend or
automate decisions related to personalization, pricing, and content delivery (Huang & Rust,
2021). While this enhances speed and consistency, scholars caution that excessive reliance
on Al may weaken strategic transparency and accountability if managerial oversight is
reduced (Martin & Murphy, 2017).

Table 5: Analytics Maturity and Strategic Orientation

Level of Analytics Maturity Strategic Orientation Nature of Strategy

Low Reactive Performance-driven
Moderate Proactive Planning-oriented
High Adaptive Learning-based

[JNRD2310421 International Journal of Novel Research and Development (www.ijnrd.org)



http://www.ijnrd.org/

© 2023 IJNRD | Volume 8, Issue 10 October 2023 | ISSN: 2456-4184 | JNRD.ORG

A recurring theme in the literature is that analytics maturity conditions strategic impact.
Organizations with low analytics maturity tend to use data reactively, reinforcing existing
strategies rather than challenging underlying assumptions. As firms progress toward
predictive analytics, strategy becomes more proactive, guided by forecasts and scenario
analysis (Wamba et al., 2017).

At high levels of maturity, Al-enabled analytics supports adaptive strategy, where learning
from real-time data continuously reshapes strategic choices. This aligns with dynamic
capability perspectives, which emphasize learning and reconfiguration as foundations of
sustained competitive advantage (Teece, 2018). However, achieving such maturity requires
not only technological investment but also governance frameworks, analytical talent, and
ethical oversight.

6. Conclusion

This systematic review examined the role of marketing analytics in strategic decision-
making, with particular attention to the use of data, dashboards, predictive models, and
artificial intelligence in contemporary marketing practice. By synthesizing peer-reviewed
research published between 2012 and July 2025, the study demonstrates that marketing
analytics has evolved into a strategic capability that shapes how organizations interpret
markets, allocate resources, and sustain competitive advantage.

The review highlights that analytics contributes to strategy through a layered architecture of
tools. Dashboards enhance strategic visibility and alignment by translating performance
data into actionable insights for managerial oversight. Importantly, the findings suggest that
the strategic value of marketing analytics depends not solely on technological sophistication
but on organizational integration and managerial interpretation. Analytics tools generate
strategic benefit when embedded within decision-making processes, supported by analytical
capabilities, and governed by clear accountability structures. Without these complementary
factors, even advanced analytics systems may fail to influence strategic outcomes
meaningfully.

Overall, this review contributes to marketing and strategy literature by clarifying how
analytics functions as a strategic infrastructure rather than a purely operational tool. It
provides a consolidated foundation for future research and offers insights relevant to
scholars, practitioners, and decision-makers seeking to leverage analytics for long-term
strategic advantage.

7. Limitations and Future Research Directions

Despite offering a structured synthesis of existing research, this systematic review is subject
to certain limitations that should be acknowledged. First, the review relies exclusively on
peer-reviewed journal articles published in English, which may have led to the exclusion
of relevant insights available in practitioner-oriented publications, industry white papers, or
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conference proceedings. Given the fast-evolving nature of marketing analytics and artificial
intelligence, some innovative practices may emerge in applied settings before being
documented in academic journals.

Future research should address these gaps by adopting longitudinal and process-based
research designs that examine the evolution of analytics-driven strategy. Greater attention
is also needed on explainable Al, ethical governance, and the managerial implications of
algorithmic decision systems, particularly in high-stakes marketing decisions such as
pricing and targeting. Finally, integrative frameworks linking analytics maturity,
organizational culture, and strategic outcomes would significantly advance theoretical and
practical understanding of marketing analytics in strategic decision-making.
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