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ABSTRACT

The digital economy has fundamentally reconfigured
the competitive landscape of marketing, positioning
advanced analytics as a critical strategic capability for
organizations seeking to deliver personalized, data
driven, customer centric experiences at scale. Despite
the rapid proliferation of analytics tools and
techniques, the academic literature lacks an integrative
framework that connects advanced marketing
analytics capabilities to customer centric strategic
outcomes through clearly defined mediating and
moderating mechanisms. This review article addresses

this gap by synthesizing extant scholarship and
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developing the Advanced Marketing Analytics Value
Framework (AMAVF). A systematic literature review
methodology was employed, drawing on 112 peer
reviewed articles published between 2015 and 2024
sourced from Scopus, Web of Science, and EBSCO
databases. Articles were identified through a
structured Boolean search protocol and evaluated
against inclusion criteria encompassing theoretical
rigor, empirical grounding, and relevance to marketing
analytics and customer centric strategy. Thematic
synthesis and bibliometric mapping were applied to
identify convergent themes, theoretical foundations,

and research gaps.
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The review identifies four advanced analytics
capability clusters descriptive, predictive, prescriptive,
and cognitive analytics as the primary drivers of
customer centric outcomes. Personalization depth,
customer journey optimization, and real time decision
intelligence emerge as the principal outcome domains.
Data governance quality and marketing analytics
capability integration are identified as critical
moderators of analytics value realization. The
AMAVF provides the first comprehensive,
empirically  grounded  framework integrating
marketing analytics capabilities with customer centric
strategic outcomes. The article advances both the
theoretical foundations of marketing analytics
research and generates actionable implications for
marketing strategists, Chief Marketing Officers, and
digital transformation leaders operating in data

intensive competitive environments.

KEYWORDS: Advanced Marketing Analytics,
Customer Centric Strategy, Digital Economy,
Personalization, Predictive Analytics, Customer

Journey Analytics, Data Driven Marketing
1. INTRODUCTION

The digital economy has irrevocably transformed the
relationship  between organizations and their
customers. The proliferation of digital touchpoints
encompassing ecommerce platforms, social media
ecosystems, mobile applications, connected devices,
and streaming services generates unprecedented
volumes of granular customer behavioral data.
According to IDC (2023), the global data sphere is
projected to reach 175 zettabytes by 2025, with the
majority of this data carrying direct relevance to
customer behavior, preferences, and purchase intent

1. The organizations that develop the capability to
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extract strategic intelligence from this data deluge are
increasingly separating themselves from competitors
in ways that are durable and difficult to replicate.
Advanced analytics encompassing  predictive
modelling, Machine Learning (ML), Natural
Language Processing (NLP), real time behavioral
analytics, customer lifetime value modelling, and
Aldriven personalization engines has emerged as the
foundational capability through which leading
organizations convert raw data into customer centric
competitive advantage. McKinsey & Company reports
that organizations in the top quartile of marketing
analytics maturity achieve revenue growth rates 1.4
times higher than industry peers, and customer
acquisition costs 20-30% below sector averages [,
These performance differentials are not incidental;
they reflect the systematic application of advanced
analytics to every dimension of the marketing value
chain, from audience segmentation and channel
optimization through to dynamic pricing, real time
content personalization, and predictive churn
management. The customer centric paradigm that
advanced analytics enables represents a qualitative
shift from the product centric and channel centric
marketing models that dominated the predigital era.
Rather than pushing standardized messages toward
demographically  defined segments, analytics
empowered  organizations  engage  individual
customers with hyper personalized value propositions
calibrated to their unique journey stage, behavioral
history, contextual situation, and predicted future
needs. This capability treating each customer as a
segment of one was theoretically articulated decades
ago Peppers & Rogers, but has only become
operationally feasible through the convergence of big

data infrastructure, advanced analytical techniques,
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and real time decisioning systems that characterize the

contemporary digital marketing ecosystem [,
1.1 Research gap and problem statement

Despite the strategic significance of advanced
marketing analytics and the growing volume of
scholarly attention it has attracted, critical gaps persist
in the academic literature. First, existing studies tend
to examine specific analytics applications
recommender systems, sentiment analysis, customer
churn prediction, or programmatic advertising in
isolation, without situating these within an integrative
framework that explains how the full spectrum of
analytics capabilities collectively drives customer
centric strategic outcomes (Wedel & Kannan, 2016;
Kumar & Reinartz, 2018). This fragmentation limits
practitioners’ ability to make informed, strategically
coherent analytics investment decisions. Second, the
theoretical foundations of marketing analytics
research remain insufficiently developed: studies
frequently adopt a theoretical approach, applying
analytics techniques to marketing problems without
grounding their conceptual arguments in established
marketing or information systems theory. Third, the
organizational conditions data governance quality,
marketing IT capability integration, analytical talent,
and customer data ethics posture that determine
whether analytics investments translate into customer
centric outcomes have received limited systematic
attention. This article addresses these gaps through a
systematic literature review and the development of
the Advanced Marketing Analytics Value Framework
(AMAVF), which integrates marketing analytics
capabilities, organizational enablers, and customer
centric strategic outcomes within a theoretically
grounded and empirically informed conceptual

architecture. In doing so, it provides both a theoretical
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contribution to marketing analytics scholarship and a
strategic decision support tool for marketing
practitioners navigating the complexity of analytics

driven transformation.
1.2 Obijectives of the Study
The specific objectives of this article are:

* To systematically map the landscape of advanced
marketing analytics capabilities and their applications

across the digital marketing value chain.

* To identify and critically evaluate the theoretical
frameworks that provide the strongest explanatory

foundations for marketing analytics research.

* To synthesize empirical evidence on the impact of
advanced analytics capabilities on customercentric
outcomes, including personalization depth, customer
journey optimization, customer lifetime value, and

brand engagement.

* To identify the organizational antecedents and
moderating conditions that determine analytics value

realization in marketing contexts.

* To develop the AMAVF as an integrative conceptual
framework linking analytics capabilities to customer

centric strategic outcomes.

* To generate evidence based implications for
marketing strategists, Chief Marketing Officers, and

digital transformation leaders.
2. LITERATURE REVIEW

2.1 Theoretical foundations

The AMAVF is grounded in four theoretical traditions
that collectively provide explanatory power for the

mechanisms through which advanced analytics
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capabilities generate customer centric strategic value.
The Resource Based View (RBV) of the firm Barney,
provides the foundational strategic rationale for
advanced analytics as a source of competitive
advantage ™. Under the RBV, sustained competitive
advantage derives from firm resources satisfying the
VRIN criteria: Valuable, rare, inimitable, and no
substitutable.  Advanced  marketing  analytics
capabilities, when deeply embedded in an
organization’s data infrastructure, human capital, and
decision processes, satisfy all four criteria. The
customer data assets accumulated through years of
behavioral tracking are inherently firm specific and
cannot be purchased; the analytical talent that extracts
intelligence from these assets develops firm specific
expertise over time; and the organizational routines
through which analytics insights are converted into
customer centric actions are complex, tacit, and path
dependent Bl. The Dynamic Capabilities Framework
Teece et al., an extension of the RBV, is particularly
germane to the marketing analytics context because it
emphasizes the capacity to continuously sense, seize,
and reconfigure resources in  response to
environmental change Bl In the digital economy,
where customer behaviour patterns, competitive
dynamics, and technological capabilities evolve at
unprecedented velocity, the ability to continuously
update and redeploy analytics capabilities in response
to new data signals constitutes a dynamic marketing
capability of the highest strategic order. VVorhies and
Morgan demonstrated empirically that marketing
capabilities conceptualized as dynamic routines for
deploying marketing resources are among the most
powerful predictors of competitive positional
advantage and firm performance [, Service Dominant
Logic (SDL) provides a third theoretical anchor,

reframing the purpose of marketing analytics from
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transaction optimization to value cocreation with
customers 781, Under SDL, customers are not passive
recipients of marketing communications but active
cocreators of value, and organizations’ primary
marketing function is to understand and respond to
customers’ value creation processes with relevant,
personalized resources and interactions. Advanced
analytics enables organizations to fulfil this SDL
imperative at scale: by modelling individual
customers’ value creation journeys with granular
precision and delivering contextually resonant
interventions at each stage, analytics empowered
organizations become genuine partners in their
customers’ value creation rather than intrusive
message senders. Information Processing Theory,
applied to the marketing context, explains why
organizations with superior analytics capabilities
consistently outperform less analytically mature
competitors:  the digital economy generates
information processing demands that exceed the
cognitive capacity of unaided human marketers, and
organizations that deploy advanced analytics as an
information processing system thereby reduce
uncertainty, improve decision quality, and accelerate
strategic response times [l The Technology
Acceptance Model (TAM) provides a fourth
theoretical foundation, illuminating the behavioral
mechanisms through which marketing professionals
adopt, resist, or superficially engage with analytics
tools, with perceived usefulness, ease of use, and
analytics self-efficacy as critical determinants of the
depth of analytics integration into marketing decision

practice (10111,
2.2 The analytics capability spectrum in marketing

The marketing analytics literature has progressively

differentiated analytics capabilities along a maturity
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spectrum from descriptive through prescriptive to
cognitive.  Descriptive  analytics encompassing
reporting, dash boarding, customer segmentation, and
behavioral attribution represents the foundational
analytics layer and remains the most widely deployed
capability tier. While descriptive analytics provides
essential visibility into what has happened in customer
interactions, its strategic value is constrained by its
retrospective orientation 12, Organizations that
remain at the descriptive tier are well positioned to
understand historical customer patterns but lack the
predictive foresight needed to anticipate and shape
future customer behaviour. Predictive analytics
encompassing machine learning models for churn
prediction, next best action scoring, customer lifetime
value forecasting, propensity modelling, and demand
forecasting represents the second tier. Kumar and
Reinartz demonstrate that predictive analytics applied
to customer relationship management generates
average revenue increases of 15-25% relative to
descriptive approaches by enabling proactive retention
interventions, personalized upsell targeting, and
optimized marketing resource allocation (31, Wedel
and Kannan in their landmark review of marketing
analytics identify predictive personalization as the
single highest impact analytics application, with first
mover organizations in sectors including retail,
financial services, and media demonstrating sustained
competitive advantages attributable to superior
predictive modelling capability [, Prescriptive
analytics the capacity to not merely predict outcomes
but recommend optimal actions to achieve desired
customer outcomes represents the third tier and the
current frontier for most advanced marketing
organizations. Prescriptive systems powered by
reinforcement learning algorithms optimize marketing

mix decisions, dynamic pricing architectures, content
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personalization strategies, and channel attribution
models in real time, continuously updating
recommendations as new customer behavioral data is
ingested. Rust et al. argue that prescriptive analytics
represents the operationalization of the ‘Return on
Marketing Investment’ (ROMI) concept, enabling
marketers for the first time to systematically optimize
the full portfolio of marketing investments against
customer lifetime value outcomes [, Cognitive
analytics the fourth and most advanced tier,
encompassing natural language processing for
sentiment and voice of customer analysis, computer
vision for visual content analytics, large language
model applications for conversational marketing, and
generative Al for dynamic content creation is the most
rapidly evolving segment of the marketing analytics
landscape. Davenport and Ronanki identify cognitive
analytics as the most transformative Al application
category for customer engagement, noting that its
capacity to process unstructured customer signals at
scale enables organizations to understand and respond
to the full complexity of customer experience, not
merely the quantitative behavioral traces captured by

transactional systems [*°,

2.3 Customer centric outcomes of advanced

analytics

The empirical literature documents four principal
customer centric outcome domains generated by
advanced analytics capabilities. Personalization depth
the degree to which marketing interactions are tailored
to individual customer characteristics, preferences,
and contextual situations is the most extensively
studied outcome. Meta analytic evidence from
Lambrecht and Tucker and subsequent replications
demonstrates that

personalized marketing

communications  consistently  achieve  higher
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engagement rates (typically 2-5 times), higher
conversion rates (typically 1.5-3 times), and lower opt
out rates compared to generic alternatives [6],
Critically, personalization depth is not a binary state
but a continuum: organizations progressing from
demographic based to behavioral based to real time
contextual personalization experience compounding
performance returns at each stage of the journey.
Customer journey optimization the analytics enabled
capacity to map, measure, and systematically improve
the end-to-end customer experience across all
touchpoints and channels is the second major outcome
domain. Lemon and Verhoef established the
theoretical foundations of customer journey analytics,
demonstrating that organizations with journey level
visibility outperform touchpoint focused competitors
on customer satisfaction, cross sell penetration, and
Net Promoter Score 7], Advanced analytics enables
organizations to move from static journey maps to
dynamic, individual level journey modelling,
identifying friction points, dropoff triggers, and
personalization opportunities at a granularity that
retrospective research methods cannot achieve.
Customer Lifetime WValue (CLV) maximization
represents the third outcome domain and the ultimate
financial objective of customer centric marketing
strategy. Gupta et al. demonstrated that a 1%
improvement in customer retention rates generates an
average 5% increase in CLV, establishing the strategic
primacy of analytics enabled retention and loyalty
management [l Contemporary CLV analytics
systems powered by machine learning substantially
improve upon traditional RFM (Recency, Frequency,
Monetary) models by incorporating psychographic
signals, social network effects, cross product
propensity scores, and macroeconomic indicators,

generating CLV predictions with meaningfully higher
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accuracy and longer predictive horizons. Brand
engagement amplification the analytics enabled
capacity to identify, activate, and sustain high value
customer  engagement across digital  brand
communities and social ecosystems is the fourth
outcome domain. Malthouse et al. introduced the
concept of ‘engagement value’ as a complement to
transactional CLV, demonstrating that highly engaged
customers generate disproportionate brand value
through advocacy, content creation, and social
influence that extends far beyond their own purchasing
behavior 1, Advanced social analytics platforms
combining sentiment analysis, network influence
mapping, and content performance modelling enable
organizations to systematically develop and leverage
high engagement customer relationships at a scale

previously unachievable.
2.4 Organizational enablers and moderators

A critical thread in the marketing analytics literature
concerns the organizational conditions that determine
whether analytics capabilities translate into customer
centric  outcomes. Data governance quality
encompassing data quality standards, privacy
compliance frameworks, unified customer data
architecture, and consent management infrastructure is
consistently identified as the most foundational
enabler. Morabito documents that organizations with
advanced data governance capabilities achieve
analytics ROI approximately 2.3 times higher than
those with fragmented data infrastructures, as
governance quality directly determines the accuracy,
completeness, and accessibility of the customer data
that analytics systems depend upon 2%, The GDPR and
subsequent data protection frameworks have added a
regulatory dimension to data governance, making

privacy by design not merely an ethical aspiration but

J Progress Artif Intell. 2026;2(2).



a market access requirement in many jurisdictions.
Marketing—analytics capability integration the degree
to which marketing strategy teams and analytics/data
science functions operate as genuine strategic partners
rather than client vendor relationships is the second
critical moderator. Germann et al. documented the
‘analytics action gap’ in marketing contexts,
demonstrating  that  organizations  generating
sophisticated analytics insights but lacking the
organizational integration to convert them into
marketing actions realize only a fraction of available
analytics value 1. This integration challenge is
fundamentally a talent and culture problem: marketing
professionals who lack the analytical literacy to
critically engage with data science outputs, and data
scientists who lack the marketing domain knowledge
to frame analytically tractable business problems,
cannot collectively generate the insight to action cycle
that customer centric strategy requires. Ethical data
practice constitutes a third moderating condition of
increasing strategic salience. Sheth and Sisodia argued
that the long run sustainability of data driven
marketing depends upon maintaining genuine
customer consent, delivering transparent value
exchange for data sharing, and avoiding surveillance
oriented personalization that crosses the boundary
from relevance to intrusion [, Contemporary
research on the ‘personalization paradox’ documents
that customers exhibit simultaneously high interest in
personalized experiences and high sensitivity to
privacy violations, creating a narrow but navigable
‘relevance corridor’ within which analytics driven
personalization generates positive customer responses
rather than backlash %31,
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2.5 Identified gaps in the literature

The systematic review reveals four critical gaps. First,
no integrative framework simultaneously models the
full analytics capability spectrum, organizational
enablers, and customer centric outcome domains
within a unified theoretical architecture. Second, the
moderating role of ethical data practice on the
analytics capability—customer outcome relationship
has been theorized but not empirically modelled at
scale. Third, the differential impact of analytics
maturity across industry contexts- business-to-
consumer versus business-to-business, high-frequency
versus considered purchase categories, and platform
versus traditional business models is insufficiently
understood. Fourth, the implications of generative Al
and large language models for the marketing analytics
capability architecture represent a rapidly emerging
gap between technological frontier and academic
scholarship. The AMAVF developed in this article
directly addresses the first two gaps and establishes a
framework for addressing the latter two in future

research.
3. RESEARCH METHODOLOGY

3.1 Review design and protocol

This article employs a Systematic Literature Review
(SLR) methodology, executed in accordance with the
PRISMA (Preferred Reporting Items for Systematic
Reviews and Meta Analyses) guidelines and the
protocol for systematic management research reviews
(2425 The SLR was selected over a narrative review
approach to ensure replicability, transparency, and
comprehensiveness in literature identification and
synthesis. The review protocol was preregistered to

enhance methodological rigor and prevent posthoc
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modification of inclusion criteria in response to

emerging findings.
3.2 Search strategy and database coverage

A structured Boolean search was executed across three
major academic databases: Scopus, Web of Science,
and EBSCO Business Source Complete. The primary
search string combined three concept clusters: (1)
analytics capability terms (‘marketing analytics’ OR
‘advanced analytics’ OR ‘predictive analytics’ OR
‘big data marketing” OR Al marketing” OR ‘machine
learning marketing’); (2) customer centricity terms
(‘customer centric’ OR  ‘personalization” OR
‘customer journey’ OR ‘customer lifetime value’ OR
‘customer engagement’); and (3) strategic context
terms (‘digital economy’ OR ‘digital marketing
strategy’ OR ‘data driven marketing’). The search was
limited to peer reviewed journal articles and
conference proceedings published between January
2015 and December 2024, in the English language.
Subject category filters restricted results to journals in
Marketing, Business, Management Information

Systems, and Computer Science.
3.3 Inclusion and exclusion criteria

Avrticles were included if they: (1) addressed advanced
analytics applications in marketing or customer
management contexts; (2) were published in ABDC
Branked or above or Scopus Q1/Q2 journals; (3)
employed either primary empirical methods or
rigorous conceptual/theoretical frameworks; and (4)
directly addressed customer centric strategy outcomes.
Articles were excluded if they focused exclusively on
technical algorithm development without marketing or
customer application; were published in non-peer
reviewed outlets; or lacked sufficient theoretical

grounding for the purposes of framework
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development. The PRISMA flow process identified
2,847 initial records, of which 1,203 passed
title/abstract screening, 318 underwent full text
evaluation, and 112 met all inclusion criteria for

synthesis.
3.4 Analytical approach

Included articles were subjected to a two stage
analytical process. In Stage 1, bibliometric mapping
using VOSviewer v.1.6.20 was employed to identify
cocitation clusters, keyword cooccurrence networks,
and intellectual lineage patterns, providing a
structured visualization of the literature’s thematic
architecture. In Stage 2, thematic synthesis following
Thomas and Harden’s threephase protocol linebyline
coding of findings, development of descriptive
themes, and generation of analytical themes was
employed to identify convergent arguments,
contradictions, and theoretical gaps across the 112
reviewed articles ?61. The thematic synthesis was
iteratively mapped onto the emerging AMAVF
construct architecture, with framework elements
refined in response to synthesis findings. Two
independent reviewers conducted the coding process,
with interrater reliability assessed through Cohen’s

Kappa (x = 0.83), indicating strong agreement.

3.5 Conceptual Framework: The Advanced
Marketing Analytics Value Framework (AMAVF)

3.5.1 Framework architecture

The AMAVF is structured across four interconnected
layers. Layer 1, the Analytics Capability Foundation,
identifies the four analytics capability clusters
Descriptive, Predictive, Prescriptive, and Cognitive as
the primary independent constructs. These clusters are

not independent silos but a cumulative capability
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architecture, in which each tier builds upon and
amplifies the preceding tier: predictive models require
high quality descriptive data; prescriptive systems
require validated predictive models; cognitive
analytics draws on all three prior tiers as inputs.
Organizations’ positions on this capability spectrum
from Descriptive Dominant through to Cognitive
Capable are theorized as the primary determinant of
their customer centric strategic outcomes. Layer 2, the
Organizational Enablement Layer, encompasses the
three categories of organizational moderators
identified in the literature review: Data Governance
Quality (data infrastructure, privacy compliance,
consent architecture, unified customer data platform
maturity), Marketing—Analytics Integration
(crossfunctional collaboration quality, shared KPI
frameworks, analytics literacy among marketing
professionals), and Ethical Data Practice (transparency
standards, data minimization discipline, customer
value exchange quality, personalization boundary
management). These enablers are theorized as

moderators that amplify or attenuate the conversion of

analytics capabilities into customer centric outcomes.
Layer 3, the Customer Centric Outcome Layer,
captures four primary outcome dimensions:
Personalization Depth (individual level marketing
relevance across channels and touchpoints), Customer
Journey Optimization (end-to-end experience quality
and friction reduction), Customer Lifetime Value
Maximization (CLV growth through retention, cross
sell, and advocacy), and Brand Engagement
Amplification (high value engagement through
community, content, and social advocacy). Layer 4,
the Strategic Performance Layer, connects customer
centric outcomes to firm level strategic performance:
market share growth, revenue growth, customer equity
appreciation, and sustainable competitive advantage.
The AMAVF thus provides a complete value pathway
from analytics capability to firm performance,
mediated by customer centric outcomes and

moderated by organizational enablement.

Table 1. AMAVF Construct Definitions, Dimensions,
and Theoretical Anchors

Construct Definition and key dimensions AMAVF Theoretical anchor
Layer

Descriptive Historical customer behavioural Layer 1: Information

analytics reporting, segmentation, attribution, | Capability Processing Theory
and performance dash boarding

Predictive analytics | MLdriven churn prediction, Layer 1: RBV; Dynamic
propensity modelling, CLV Capability Capabilities
forecasting, demand prediction,
next best action scoring

Prescriptive Real-time decisioning, marketing Layer 1: Dynamic

analytics mix optimization, dynamic pricing, | Capability Capabilities; ROMI
reinforcement learning driven Theory
personalization
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Cognitive analytics NLP sentiment analysis, computer Layer 1: TAM; Cognitive
vision, generative Al content, Capability Computing Theory
conversational marketing systems

Data governance Data quality standards, privacy Layer 2: Information Privacy

quality compliance (GDPR), unified CDP Enablement | Theory
maturity, consent management
infrastructure

Marketing—analytics | Cross functional collaboration Layer 2: RBV;

integration quality, shared KPIs, analytics Enablement | Organizational
literacy, insighttoaction cycle Capability Theory
efficiency

Ethical data practice | Transparency standards, data Layer 2: Service Dominant
minimization, customer value Enablement | Logic; Ethics
exchange quality, personalization
boundary governance

Personalization Individual level marketing Layer 3: SDL,; Relationship

depth relevance across channels, Outcomes Marketing
touchpoints, and contextual
situations

Customer journey End-to-end CX quality, cross Layer 3: Customer

optimization channel friction reduction, Outcomes Experience Theory
touchpoint attribution accuracy

Clv maximization Customer lifetime value growth Layer 3: Customer Equity
through retention, cross sell, Outcomes Theory
advocacy, and acquisition
efficiency

Brand engagement High value engagement through Layer 3: Engagement Theory;

amplification content, community, social Outcomes SDL
advocacy, and cocreation

Strategic Market share, revenue growth, Layer 4: RBV; Marketing

performance customer equity, sustainable Performance | Strategy
competitive advantage

Source: Developed by authors based on systematic

literature review synthesis. AMAVF = Advanced

Marketing Analytics Value Framework; CDP =
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Customer Data Platform; SDL = Service Dominant

Logic.

3.5.2 Framework propositions
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The AMAVF generates the following set of
theoretically derived propositions for future empirical

investigation:

* P1: Analytics capability maturity is positively and
sequentially associated with customer centric
outcomes, with Cognitive Capable organizations
achieving significantly superior outcomes relative to
Descriptive Dominant organizations across all four

outcome dimensions.

* P2: The positive relationship between predictive
analytics capability and CLV maximization is
positively moderated by data governance quality, such
that organizations with advanced governance achieve
disproportionately greater CLV returns from

equivalent predictive capability investments.

» P3: Marketing—analytics integration positively
moderates the relationship between prescriptive
analytics capability and personalization depth, such
that integration quality is a necessary condition for
prescriptive personalization to achieve its full strategic

potential.

» P4: Ethical data practice moderates the analytics
capability—brand engagement relationship in a
curvilinear fashion: organizations with poor ethical
practice experience negative engagement effects from
high personalization intensity, while organizations
with strong ethical practice experience positive

amplifying effects.

* P5: Customer centric outcomes collectively mediate

the relationship between analytics capability maturity
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and strategic firm performance, with CLV
maximization and brand engagement amplification

carrying the strongest mediating effects.
3.5.3 AMAVF conceptual diagram

Figure 1. The Advanced Marketing Analytics Value
Framework (AMAVF). The diagram is structured as a
four-layer horizontal value pathway. Layer 1
(Analytics Capability Foundation) on the left depicts
four stacked capability blocks: Descriptive Analytics
(base), Predictive Analytics, Prescriptive Analytics,
and Cognitive Analytics (apex), connected by upward
arrows indicating the cumulative capability maturity
progression. Layer 2 (Organizational Enablement) is
depicted as three vertical moderating pillars spanning
the full width of the model: Data Governance Quality,
Marketing—Analytics Integration, and Ethical Data
Practice, shown as shaded columns intersecting all
pathways with moderating arrows (@ or © indicating
amplification or attenuation). Layer 3 (Customer
Centric Outcomes) on the right of centre depicts four
outcome nodes: Personalization Depth, Customer
Journey Optimisation, CLV Maximisation, and Brand
Engagement Amplification, each connected to
analytics capability tiers by directional arrows
indicating primary analytical drivers. Layer 4
(Strategic Performance) at the far right shows four
performance nodes (Market Share, Revenue Growth,
Customer Equity, Competitive Advantage) connected
to outcome nodes by directional arrows, with a
compound arrow indicating overall strategic

performance contribution.
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Figure 1. The Advanced Marketing Analytics Value
Framework (AMAVF): A Four-Layer Conceptual
Architecture Linking Analytics Capability Maturity

to Strategic Performance Outcomes.
4. RESULTS AND DISCUSSION
4.1 Bibliometric mapping findings

VOSviewer bibliometric analysis of the 112 included
articles identified five primary cocitation clusters,
each representing a distinct intellectual community
within the marketing analytics literature. Cluster 1,
centred on the work of Wedel and Kannan, Kumar and
Reinartz, and Rust et al.,, constitutes the core
marketing analytics strategy cluster and accounts for
34% of cross cluster citation linkages, confirming its

central position in the field’s intellectual architecture

(1214 Cluster 2, anchored by Lemon and Verhoef and

OPEN ACCESS | REVIEW ARTICLE

LAYER 3
CUSTOMER-CENTRIC

LAYER 4
STRATEGIC

OUTCOMES PERFORMANCE

1. PERSONALISATION
DEPTH

1. MARKET
SHARE sy

Expand share of
target markets

Tailored experiences
&relevant offers

3 PRESCRIPTIVE
ANALYTICS 4—»---@ ------- @ ------- @-—-—)
What should we do?

2. CUSTOMER

2. REVENUE
GROWTH OVERALL
Seamless, efficient & Increase top-line STRATEGIC
frictionless journeys performance PERFORMANCE
CONTRIBUTION

s Increase customer

O JOURNEY
s OPTIMISATION

3.CLv 3. CUSTOMER »
MAXIMISATION EQUITY

Stronger, more

valuable customer

base

lifetime value

-
2, PREDICTIVE
anavyrics ¢ () Ol =
What will happen?
Forecasting &
L h
( @
4. BRAND
ENGAGEMENT
AMPLIFICATION
Stronger relationships

4. COMPETITIVE

ADVANTAGE
Sustainable edge ~
over competitors

& advocacy

subsequent customer journey analytics scholarship,
represents the customer experience analytics stream
1171, Cluster 3, clustered around Gupta et al. and CLV
modelling scholarship, constitutes the customer equity
and lifetime value cluster 8. Cluster 4, centred on
Vargo and Lusch’s Service Dominant Logic (2004,
2016) and its marketing analytics extensions,
represents the value cocreation stream ["#l. Cluster 5,
the most recently constituted cluster, centres on Al and
generative analytics applications in marketing,
reflecting the field’s rapid engagement with machine
learning and large language model capabilities [*51,
Keyword co-occurrence mapping revealed four
dominant thematic clusters: (1) data driven
personalization and recommendation systems; (2)
customer journey mapping and multichannel
attribution; (3) predictive CLV and retention analytics;

and (4) Al enabled content and conversational
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marketing. Notably, ‘ethics’ and ‘privacy’ keywords
demonstrated the fastest growth trajectory over the
2019-2024 period, reflecting the field’s accelerating
engagement with data ethics dimensions of analytics
practice, consistent with regulatory developments and

growing consumer privacy consciousness.
4.1 Thematic synthesis: key findings
4.1.1 The Personalization Dividend

The thematic synthesis reveals robust convergent
evidence across 47 of 112 reviewed articles that
advanced analytics enabled personalization generates
consistent, economically significant performance
differentials.  Studies range from controlled
experiments demonstrating 3-5x higher click through
rates for ML personalised versus rule based
personalized email campaigns through to natural
experiment analyses documenting 18-24% revenue
lifts attributable to real time personalization engine
implementations in ecommerce contexts [2728],
Critically, the synthesis reveals that these effects are
not uniformly distributed: the marginal return on
personalization investment is highest in categories
characterized by high purchase frequency, high
consideration complexity, and high data availability,
and lowest in commodity categories where price
dominates decision making. A significant moderating
finding concerns the role of personalization
transparency. Following Aguirre et al.’s pioneering
work on the personalization paradox, multiple studies
document that the positive effects of analytics driven
personalization are contingent on customers
perceiving the data usage as consensual and the
personalization as contextually appropriate [,
Organizations  that  deploy  high intensity

personalization without transparency mechanisms
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consistently report higher opt out rates, lower trust
scores, and, in some cases, measurable negative brand
equity effects that partially or fully offset conversion
gains. This finding directly supports the AMAVF’s
inclusion of Ethical Data Practice as a moderator of the

analytics—personalization relationship.

4.1.2 Customer journey analytics as a strategic

capability

The synthesis identifies customer journey analytics as
the most strategically transformative application of
advanced marketing analytics, notwithstanding its
relative methodological complexity compared to
single touchpoint optimization. Studies employing
multitouch attribution models and journey analytics
platforms consistently demonstrate that organizations
with journey level analytics visibility achieve 15-30%
higher marketing efficiency defined as revenue per
marketing dollar invested compared to last touch
attribution counterparts 2%, This efficiency advantage
derives from two mechanisms: more accurate
attribution of marketing investment value enables
reallocation from overrated to underrated touchpoints;
and journey level segmentation enables identification
of journey stage specific friction points that, once
resolved, generate compounding improvements in
conversion and retention rates. The synthesis also
reveals an important temporal  dimension:
organisations that implement real time journey
analytics enabling instantaneous personalization
responses to behavioral signals rather than batch
processed campaign communications demonstrate
significantly higher engagement and conversion
outcomes than those operating on daily or weekly data
refresh cycles. This finding has significant
implications for marketing technology architecture

investment: real time customer data platforms and

J Progress Artif Intell. 2026;2(2).



event streaming infrastructure are not merely technical

enhancements  but strategic  necessities  for
organisations seeking to realize the full value of

journey analytics capabilities.
4.1.3 The CLV analytics compounding dynamic

A particularly significant thematic finding concerns
what the synthesis characterizes as the CLV analytics
compounding dynamic: the phenomenon whereby
superior analytics capability generates higher CLV
outcomes, which in turn fund greater analytics
investment capacity, creating a self-reinforcing cycle
of capability and performance advantage. This
dynamic, documented across studies in retail banking
ecommerce, and subscription media, suggests that
analytics driven CLV advantages are not merely
additive but potentially exponential over time, as
leading organisations accumulate both superior data
assets and superior analytical capabilities that
compound their customer equity advantages [1314 301,
The strategic implication is that organisations that
delay analytics capability investment face not merely
a current performance disadvantage but a widening

future gap that becomes progressively costlier to close.
4.1.4 The analytics action gap in marketing

Despite the substantial evidence of analytics’ potential
value, the synthesis identifies a consistent theme of
value leakage between analytical insight and strategic

action. Germann et al. whose foundational study

demonstrated that analytics use is a stronger predictor
of firm performance than analytics capability per se, is
confirmed and extended by multiple subsequent
studies 2. Li

organisations deploying advanced attribution models

and Kannan document that
that are not trusted by marketing teams revert to last-
touch attribution in practice, negating the investment
[31, Malthouse et al. find that engagement analytics
insights that are not operationally integrated into
campaign management workflows remain ‘vanity
metrics’ that do not translate into engagement strategy
adjustments [°1. The synthesis collectively identifies
three primary drivers of the analytics action gap: first,
insufficient marketing analytics literacy among

marketing practitioners who cannot critically

interrogate  model outputs; second, misaligned
incentive structures that reward short term campaign
metrics rather than long term CLV outcomes aligned
with  analytics recommendations; and third,
organizational siloes between analytics, technology,
and marketing functions that prevent the real time
insight to action workflows that advanced analytics
requires. These drivers collectively validate the
AMAVF’s

Integration as a critical moderating construct 2,

inclusion of  Marketing—Analytics

Table 2. Summary of key thematic findings and

implications from systematic review

moderated by transparency

architecture

Theme Key finding Representative studies Strategic implication

Personalization dividend ML personalization | Li et al. (2020); Bart et al. | Invest in  explainable
generates 3-5x engagement | (2021); Aguirre et al. | personalization with
and 18-24% revenue lifts; | (2015) consent-first data
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Journey analytics value

last-touch models

Journey-level analytics | Anderl etal. (2016); Lemon | Deploy real-time CDP and

improves marketing | & Verhoef (2016)

efficiency by 15-30% vs.

multi-touch attribution as

strategic infrastructure

realization

CLV compounding | Analytics-CLV advantage | Reinartz et al. (2019); | Treat analytics capability as

dynamic is self-reinforcing; delay | Kumar & Reinartz (2018) cumulative strategic asset;
creates exponentially invest early and
widening gap continuously

Analytics-Action Gap Analytics capability alone | Germannetal. (2013); Li & | Redesign marketing roles

insufficient; integration and

literacy determine value

Kannan (2014) and incentives around
analytics-led decision
workflows

Ethical data imperative

conversion gains

Unethical personalization | Aguirre et al. (2015); Sheth | Establish  personalisation

generates brand equity | & Sisodia (2015)

damage that can offset

boundary governance as a
board-level marketing risk
item

Generative Al emergence

conversational

personalization at scale

LLM-powered content and | Davenport & Ronanki | Develop generative Al
(2018); Rust et al. (2021)

transforming content

marketing capability as
next-frontier analytics

investment

Source: Authors’ synthesis of systematic review
findings. CDP = Customer Data Platform; CLV =
Customer Lifetime Value; LLM = Large Language
Model.

4.2 Managerial implications of the synthesis

The thematic synthesis generates several cross-cutting
managerial implications.  First, the consistent
documentation of analytics maturity as a non-linear
predictor of performance with disproportionate returns
emerging at the transition from predictive to
prescriptive capability suggests that organisations
should concentrate analytics investment on capability
tier advancement rather than expanding breadth within

an existing tier. Second, the CLV compounding
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dynamic implies that analytics investment decisions
should be evaluated against long-horizon financial
models rather than short-term campaign ROI metrics,
and that the cost of analytics capability delay should
be incorporated into investment appraisals. Third, the
ethical data practice findings suggest that data ethics
governance is not merely a risk management function
but a direct determinant of analytics value realization,
justifying its elevation from compliance teams to the

Chief Marketing Officer’s strategic agenda.
4.3 Practical implications

For Chief Marketing Officers and Marketing
Strategists
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The AMAVF and systematic review synthesis
collectively generate a prioritized, evidence-grounded
strategic agenda for marketing leaders: Conduct an
analytics capability maturity audit: Marketing leaders
should systematically assess their organization’s
current position on the AMAVE’s capability spectrum,
mapping deployed capabilities against the four-tier
architecture. This audit should extend beyond
technology inventory to assess human capability, data
infrastructure quality, and integration maturity, as the
synthesis consistently demonstrates that capability tier
gaps in any of these dimensions attenuate analytics
value realization. Prioritize prescriptive capability
advancement: Given the evidence of disproportionate
performance returns at the descriptive-to-predictive
and predictive-to-prescriptive  transition points,
organisations that have achieved solid predictive
analytics foundations should prioritize prescriptive
capability  investment.  Real-time  decisioning
platforms, marketing mix modelling systems, and
dynamic personalization engines represent the
highest-return analytics investments available to mid-
maturity organisations. Establish a unified customer
data platform: The data governance findings establish
that unified Customer Data Platforms (CDPs)
providing real-time, identity-resolved, consent-
managed customer profiles accessible across all
analytics and execution systems are the most
foundational infrastructure investment for advanced
analytics value realization. Organisations without a
unified CDP cannot achieve the data quality and
accessibility that predictive and prescriptive analytics
require. Design marketing roles around analytics
workflows: The analytics-action gap findings imply
that technology investment alone is insufficient;
organisations must redesign marketing roles and team

structures to centre analytics-led decision workflows.
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This includes developing analytics literacy curricula
for marketing professionals, restructuring campaign
management processes around data signal-action
cycles, and realigning performance incentive
frameworks to reward CLV and engagement outcomes
over short-term conversion metrics. Institute
personalization boundary governance: The ethical data
practice findings mandate the establishment of formal
personalization boundary governance frameworks that
define the organization’s data usage principles,
transparency commitments, consent standards, and
personalization intensity limits. These frameworks
should be co-developed between marketing, legal, and
customer experience functions, and should be treated
as living documents updated in response to evolving
customer expectations and regulatory requirements.
Build generative Al marketing capability: Given the
rapidity of generative AI’s penetration into content
creation, conversational engagement, and dynamic
personalization, marketing organisations should
develop a structured generative Al capability roadmap
encompassing talent acquisition, tool evaluation,
brand safety governance, and ethical use policy,
positioning themselves ahead of the capability curve
rather than responding reactively to competitive

pressure.

4.4 For analytics technology providers and

policymakers

Analytics technology providers should prioritize the
development  of  privacy-preserving  analytics
architectures including federated learning, differential
privacy, and synthetic data capabilities that enable
marketing analytics value creation without requiring
the concentration of sensitive personal data in
centralized repositories. These architectures will

become competitively differentiating as regulatory
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requirements tighten and customer privacy
expectations escalate. Policymakers developing digital
marketing regulation should engage directly with the
AMAVEF’s Ethical Data Practice construct,
recognizing that prescriptive rules governing specific
personalization techniques risk becoming technically
obsolete while principles-based frameworks centred
on transparency, consent, and value exchange provide
more durable regulatory architecture. Investment in
digital marketing analytics literacy at the national
educational level through professional certification
frameworks and undergraduate marketing curriculum
reform would address the human capability deficit that
the analytics-action gap literature consistently
identifies as a primary barrier to analytics value

realisation across the marketing profession.
4.5 Limitations and future research directions

This study carries several limitations that should be
acknowledged and that collectively define a
productive future research agenda. First, while the
systematic review methodology employed strict
inclusion criteria and dual-reviewer processes, the
restriction to English-language publications may have
introduced a geographic bias toward Western
academic scholarship, potentially underrepresenting
important contributions from Asian and emerging
market research communities where digital marketing
analytics adoption is accelerating rapidly in distinctive
institutional and cultural contexts. Future reviews
should explicitly incorporate multilingual database
coverage to address this limitation. Second, the
AMAVF’s propositions have been derived from
theoretical synthesis and bibliometric mapping rather
than direct empirical testing. While systematic review
provides a rigorous foundation for framework

development, the AMAVF’s structural relationships
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require empirical validation through large-scale
survey research, ideally incorporating objective
organisational performance data alongside perceptual
measures to address common method bias concerns.
The SEM methodology applied in the Al-HRM
domain in parallel scholarship (e.g., Tambe et al.,
2019) provides a methodological template for
AMAVF empirical validation. Third, the AMAVF was
developed in the context of business-to-consumer
marketing analytics, where customer data availability,
personalisation infrastructure, and digital touchpoint
density are typically highest. The framework’s
transferability to business-to-business marketing
contexts where relationship dynamics, purchase cycle
length, and data architectures differ substantially
requires explicit examination. Similarly, the
differential applicability of the AMAVF across
platform versus traditional business models, and
across high-frequency versus considered-purchase
categories, represents an important boundary
condition investigation for future research. Fourth, the
generative Al and large language model tier of the
cognitive analytics capability cluster represents the
most rapidly evolving component of the AMAVF, and
the scholarly literature has not yet produced the
empirical evidence base required to fully characterize
its customer-centric performance effects. As this
literature matures driven by the rapid diffusion of
LLM-powered marketing tools including
conversational commerce systems, dynamic content
personalisation engines, and Al-assisted creative
development platforms the AMAVEF’s cognitive
analytics constructs should be revisited and refined to
incorporate the distinctive value creation mechanisms
and ethical challenges that generative Al introduces.
Fifth, the longitudinal dynamics of analytics capability
accumulation and the CLV compounding dynamic
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identified in the synthesis have not been formally
modelled. Panel data studies tracking organizations’
analytics capability trajectories and corresponding
customer equity outcomes over five-to-ten year
horizons would provide unprecedented insight into the
long-run strategic economics of marketing analytics
investment and the conditions under which
compounding  capability  advantages  become

insurmountable.
5.CONCLUSION

This article has presented a systematic synthesis of the
advanced marketing analytics literature and
introduced the Advanced Marketing Analytics Value
Framework (AMAVF) as an integrative conceptual
architecture  connecting analytics  capabilities,
organizational enablers, and customer-centric strategic
outcomes in the digital economy. The synthesis
establishes with scholarly rigour what marketing
practice has long intuited: advanced analytics is not
merely a set of tools that improve marketing efficiency
at the margins, but a foundational strategic capability
that, when developed to its full potential and
embedded in the right organizational conditions,
enables organisations to understand and serve their
customers with a depth, relevance, and precision that
constitutes genuine competitive advantage. The
AMAVEF’s most significant theoretical contribution
lies in its integration of four previously fragmented
streams of scholarship analytics capability theory,
customer-centric  marketing  strategy,  Service-
Dominant Logic, and data ethics within a unified,
sequentially structured framework. By modelling
analytics capabilities as a cumulative maturity
architecture rather than a portfolio of independent

tools, the AMAVF provides a strategic logic for
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analytics investment sequencing that is grounded in
both theoretical argument and empirical evidence. By
positioning data governance quality, marketing-
analytics integration, and ethical data practice as
moderating conditions rather than peripheral concerns,
the AMAVF establishes that the question of analytics
value realisation is fundamentally organizational and
human, not merely technical. Two findings from the
synthesis carry particular strategic urgency. The CLV
compounding dynamic implies that the competitive
economics of marketing analytics are winner-takes-
more in structure: organisations that invest early and
continuously in analytics capability accumulation
build data and model assets that generate
compounding returns, while laggards face a widening
disadvantage that becomes progressively more
expensive to close. And the ethical data practice
moderation finding implies that sustainability of
analytics-driven competitive advantage depends upon
maintaining genuine customer trust: organisations that
exploit rather than respect their data relationships may
generate short-term conversion gains at the cost of
long-term brand equity and customer lifetime value
destruction. As generative Al, agentic marketing
systems, and privacy-preserving analytics
architectures collectively reshape the marketing
analytics landscape, the organisations best positioned
to lead will be those that have built not merely
advanced analytical technologies but the human
capabilities, governance architectures, and ethical
cultures that enable genuine customer-centric value
creation. In the digital economy, the future of
marketing belongs not to those with the most data, but
to those with the wisdom to use it in service of their

customers.
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