Applied Sciences, Computing and Energy, 2024, 1(1), 336-355

Al-Enabled Marketing Communication and Machine Learning
Analytics for Consumer Insights, Brand Positioning, and Business

Growth

Amarachi Nelly Charles, Oluwabukola Victoria Akinyemi, and Chinyan Blessing
Received: 22 October 2024/Accepted: 23 December 2024/Published:31 December 2024

Abstract: The combination of the artificial
intelligence features with the marketing
communication practices has fundamentally
transformed the way the modern competitive

organizations learn about consumers,
position brands and create business growth
under the contemporary  competitive

landscapes. The study considers the role of
machine learning analytics in transforming
the consumer insight generation, brand
positioning paradigms, and growth paths
because of an effective and systematic
research of the implementation patterns of
214 organizations functioning in different
market settings. We utilize a mixed-methods
analysis  that integrates  quantitative
measures of performance, computer-based
text analysis of marketing communications,
and  qualitative interviews with  the
stakeholders in order to shed light on the
mechanisms of how Al technologies change
the marketing practice. Results indicate that
companies using machine learning to gain
better understanding of consumers have an
increase in audience segmentation in 34 to
51 percent over traditional methods, and Al-
enhanced brand positioning strategies
produce brands equity increases of 29 on
average and 42  percent  customer
engagement. The results of business growth
show significant variance and that the rates
of revenue growth vary between 18 and 27
percentage points between companies that
implement advanced Al analytics and those
that use usual approaches. Nevertheless,

such  performance  benefits  manifest
themselves only in case organizations
resolve some of the most complex

implementation issues such as data quality
guarantees, transparency in Al-driven
consumer-facing  applications, Cross-
functional coordination between marketing
and technical staff, and ethical principles

underpinning Al use in persuasive processes.
The study moves to develop an all-
encompassing theoretical framework which
places  Al-enabled marketing as a
sociotechnical system that needs to be
viewed as a harmonious focus on
technological possibilities, organizational
activities, consumer psychology, and ethics.
The practical implications include a focus on
the fact that competitive advantage is not
born out of Al adoption but strategic
integration of machine learning capabilities
with human creative judgment, consumer
empathy and brand narrative coherence.
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1.0 Introduction

Machine Learning (ML) and Artificial
Intelligence (AI) have begun transforming
various interdisciplinary fields by providing
dependable solutions for data analysis, real-
time decision-making, and autonomous
navigation (Sanni, 2023; Okolo, 2021; Sanni,
2024). Marketing has evolved into a data-
driven discipline where computational power
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increasingly intersects with consumer
psychology, brand strategy, and persuasive
communication, fundamentally redefining
competitive dynamics. The behavioral data
of consumers are currently processed by
machine learning algorithms at scales and
speeds beyond human analytical capacity,
with the ability to see patterns that the
previous way of analyzing markets could not,
and to customize on a scale never achieved
before (Davenport et al., 2020). With natural
language processing systems, the analysis of
millions of consumer conversations on the
digital platforms identifies patterns of
sentiment and preference signals and brand
perception at the level of granularity that is
out of reach of manual content analysis
(Humphreys and Wang, 2018). Computer
vision is a technology that decodes
consumption behaviors involving visual
content and uses the information to guide the
creative approach based on the data-driven
information on what imagery, color scheme,
and design features appeal to the target
customers (Liu et al., 2020). Such
technological changes are set to transform
marketing as an art made by intuition into
one that is based on evidence, although
achieving this possibility requires addressing
significant complexities in implementation.

The change is not limited to the task of
improving analytics to redefine the
fundamental —marketing communication
roles. Al-driven content generation systems
are increasingly usedto create advertising
copy, social media content, and email
content, which dynamically changes based
on the consumer profiles and the
circumstances (Mikalef et al.,, 2021).
Scalable customer interaction technologies,
such as chatbots and conversational agents,
provide customers with  personalized
experiences as well as collect information on
consumer needs, frustrations, and decision-
making processes (Luo et al, 2019).
Programmatic advertising platforms use
machine learning to optimize media
placement choices in real time and will
allocate marketing budgets between channels

and audiences precisely, something that
would be impossible when managing
campaigns manually (Cheng and Cantu,
2019). Recommendation engines are engines
that filter product suggestions, sequences of

content, and offers based on personal
preferences and change the generic
marketing messages into personalized

communications (Kumar et al., 2019).
Despite these technological advances,
existing literature often underestimates the
organizational and strategic challenges that
determine whether Al capabilities translate
into measurable business value.
Organizations find it hard to connect Al
systems with the current marketing
technology stacks with common results
including finding that existing infrastructures
are incapable of managing the data flows,
calculability, or responsiveness in real-time
that machine learning applications require
(Wedel and Kannan, 2016). Marketing teams
often lack the technical expertise required to
interpret algorithmic outputs
effectivelyresulting in the scenarios where
advanced analytics produce insights that
cannot be comprehended or acted on
successfully by practitioners. The quality of
data is a flaw of machine learning, because
consumer data has biases, inconsistencies,
and even gaps, which software enhances
instead of fixing (Barocas and Selbst, 2016).
Privacy laws limit data gathering and use
habits that are needed to roll out
personalization to ensure that businesses
have to strike a balance between Al potential
and compliance necessities and the worry of
consumers (Martin and Murphy, 2017).
Brand  positioning  presents  unique
difficulties since it has creative decision
making, emotional  connection, and
storytelling which cannot be fully reduced to
algorithmic optimization. Machine learning
is very skillful at recognizing statistical
patterns, as well as poor at the symbolic
meaning, cultural environment, and
psychological associations that form brand
identity (Keller, 2020). Brands that are
developed over decades of consistent
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messaging run the risk of dilution when the
Al systems are used to optimize messages
based on short-term engagement metrics
without consideration of the long-term brand
equity consequences. The conflict between
personalization based on data and brand
positioning poses an issue to marketers who
have to choose when to rely on algorithm-
driven suggestions rather than brand
positioning instead of building a brand story
that can benefit the brand (Davenport and
Ronanki, 2018).

The process of consumer insights generation
presents the opportunities and drawbacks of
Al. Machine learning models identify
preference patterns, behavioral patterns and
market categories with stunning accuracy,
yet these statistical groupings might not be
psychologically relevant consumer types that
guide effective strategy (Bradlow et al.,
2017). Algorithms primarily identify
correlations rather than causal relationships,
limiting their ability to explain underlying
consumer motivations. Predictive models are
based on the behavior in the future, which is
forecasted extra using past trends, but fail to
forecast when market conditions change,
consumer preferences change, or competitors
behave in a different way, things that are not
reflected in the training data (Germann et al.,
2013). Synthesis of algorithmic pattern
recognition and human cognition of
consumer motivation, aspirations, and
factors of context in the consumer can often
yield the most valuable consumer insights,
which  cannot be quantified using
quantitative data.

Consequently, a comprehensive integrative

framework that connects technological
capability, = marketing  strategy, and
organizational performance remains

insufficiently developed.The literature of
computer science is oriented on the genre of
algorithmic performance metrics because
marketing goals are interpreted as
optimization problems, and the
organizational and psychological aspects of
implementation are not taken into account
(L1 and Du, 2020). Consumer response to

experience facilitated by Al is studied in
marketing scholarship, but is generally not
technical in its understanding of how
algorithms work and what functionalities
they can actually provide (Huang and Rust,
2018). Information systems research also
solves the problem of technology adoption
but occasionally underestimates the aspect of
creativity, strategy and relationships that
define marketing and distinguish it among
other business operations (Grewal et al.,
2020). The management literature is
exploring organizational implications, yet it
often builds on the conceptual frameworks
that lack empirical support in terms of
performance outcomes and implementation
factors that would distinguish between
successful and unsuccessful Al
implementations.

Integrated investigation is especially urgent
in case of several developments. To start
with, the AI marketing applications have
moved out of the experimental projects that
were limited to technology-oriented firms
and into mainstream usage in various
industries, which increases the stakes of the
effectiveness of the implementation. Second,
consumers are being more aware of and
concerned around the role of Al in marketing
and this has implications of trust of brands
which are perceived to be manipulative or
opaque in how they use consumer data
(Aguirre et al., 2015). Third, the regulatory
frameworks that would affect data privacy,
algorithmic transparency, and consumer
protection are still under development, which
introduces compliance requirements that
define realistic Al applications (Kaminski,
2019). Fourth, the competitive forces reward
organizations that implement Al not only in
order to automate the already existing
marketing processes but also in order to
radically rethink the way they interact with
consumers, how they build their brands, and
create their values (Rust and Huang, 2021).
Therefore, this study aims to examine how
Al-enabled marketing communication and
machine learning analytics influence
consumer insight generation, brand
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positioning strategies, and business growth
outcomes across organizations. The study
further seeks to identify the organizational
and ethical conditions under which Al
adoption produces sustainable competitive
advantage. This paper covers these
convergence forces by having a detailed
exploration on the impact of Al-based
marketing communication, machine learning
analytics on consumer insight, brand
positioning and business growth outcomes.
In our study, we understand that these
components are a holistic system whereby
insights shape positioning, positioning leads
to communication, and communication leads
to growth, and Al technologies have the
potential to improve or disrupt each element.
We gain insights into the broader principles
that determine the success of Al integration
in a marketing organization by comparing
the trends across organizations, industries,
and methods of implementation, and doing
so beyond the limited range of technical or
disciplinary approaches to understanding the
world.

The research is conducted in several stages
of analysis. We develop a conceptual
framework where Al- facilitated marketing is
established as a sociotechnical system that
involves technological capability,
organizational processes, creative practices,
consumer psychology, and ethical concerns.
Next, we provide empirical evidence of
organizations that have deployed Al within
the consumer insight generation and brand
positioning as well as  marketing
communication, interpreting quantitative
performance data, and qualitative data on the
quality of implementation. Special emphasis
is put on those cases when technically
advanced Al implementations have not
brought business value and those cases when
organizations  with  limited technical
expertise showed better performance under
strategic implementation strategies.

We combine quantitative performance
analysis, some computational text analysis of
marketing communications, and machine
learning algorithm auditing with a qualitative

interview of marketing practitioners, data
scientists, and consumers. This
methodological pluralism is based on the
premise that the study of the marketing
impact of Al presupposes the analysis of
various evidence sources and analytical
approaches. The quantitative analysis can
provide the patterns of performance but
cannot provide the cause mechanisms. The
use of computational analysis sheds light on
the way in which Al influences the content of
communication but needs to be interpreted
using the marketing strategy frameworks.
Qualitative  research  reveals  subtle
implementation  issues and  human
experiences that can only be revealed with
the help of the metrics.

The article adds empirical data, the
development of theories, and practical
recommendations. In a quantitative manner,
we measure the effect of Al on precision of
consumer insights, brand equity, customer
engagement, and increase in revenue and
determine the organizational and contextual
conditions that moderate these effects.
Theoretically, we proceed with an integrative
model according to which Al enabled
marketing is in need of a concerted focus on
technology, creativity, strategy, and ethics
instead of viewing it as a technical capacity.
In practice, we provide advice to marketing
leaders who are trying to overcome the
difficulties of implementing AI, which
focuses on strategic solutions that utilize the
capabilities of machine learning while
preserving essential human judgment in
creative, strategic, and ethical decision-
making. in creative, strategic, and ethical
fields.

2.0 Methodology

This study adopts a convergent mixed-
methods  research  design  integrating
quantitative performance analysis,
computational content analysis, algorithmic
auditing, and qualitative stakeholder
engagement to examine the impact of Al
technologies on marketing communication,
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consumer insights, and business growth
outcomes. . The methodological approach
reflects the multifaceted nature of the
research questions, which address both
measurable performance outcomes and the
organizational processes through which Al
generates marketing value.

The quantitative research aspect assesses the
results of 214 organizations in North
America, Europe, Asia, and Australia who
have adopted AI facilitated-marketing
technologies since January 2018 to
December 2023. To measure sustained
effects and to ensure that the analysis
captured deployments that reflected current
technological capabilities and not old
technology, we chose this timeframe to
include organizations that had enough
implementation history. The sample was
constructed using multiple recruitment
mechanisms, including direct outreach
through  industry  publications  and
technology vendor case studies, referrals
from marketing technology providers,
recruitment via professional marketing
associations, and snowball sampling in
which participating organizations referred
additional eligible firms. The ultimate
sample make-up consists of 87 consumer
products firms, 61 retail firms, 38 financial
services firms and 28 business to business
technology providers and annual marketing
expenditures ranging from USD 2.8 million
to USD 340 million.

In both cases, we gathered detailed data on
the nature of Al marketing technology such
as the specific areas of implementation

(consumer insight analytics, content
generation,  programmatic  advertising,
recommendation engines, chatbots,
predictive modeling) in each case,
algorithmic  strategies, = implementation
schedules, integration with  existing

marketing technology infrastructure, vendor
relationships as well as internal or external
development decisions. Al sophistication
was assessed using standardized evaluation
criteria measuring algorithmic complexity,
breadth of data integration, real-time

responsiveness, and personalization
granularity. These tests were a combination
of vendor technical documentation review,
structured questionnaires administered to
marketing  technology  managers and
independent testing by data scientists of our
research team who reviewed system
architecture and algorithmic specifications.

Performance measures captured multiple
dimensions of marketing effectiveness and
organizational performance. As part of
consumer  insights, @ we  conducted
measurements of the accuracy of audience
segmentation based on the accuracy of
predicting the holdout sample, comparing the
speed of Al-based and traditional approaches
in generating insights , and the satisfaction of
the stakeholder with the quality and
actionability of the insights using
standardized surveys. Brand positioning
results involved scores of brand equity in
standardized measurement tools, brand
awareness and consideration, competitive
differentiation, and brand consistency
indices of congruence between targeted and
perceived brand positioning. The rate of
customer engagement, the quality of content
personalization, campaign conversion rates,
and marketing efficiency ratios were
measured as criteria of marketing
communication effectiveness and compared
with the resource investments. Business
growth indicators included revenue growth
rates, customer acquisition volumes, changes
in customer lifetime value, market share
variation, and profitability measures.

, customer acquisition volumes, customer
lifetime value changes, market share changes
and profitability measures. All measures
were monitored quarterly beginning six
months prior to Al implementation and
continuing for at least 24 months afterward.
Control variables were included to address
potential confounding factors affecting the
relationship between Al implementation and
organizational outcomes. The controls of
organization level consisted of size, industry

segment, market position, competitive
strength,  previous  sophistication  of
o
M
S
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marketing technology, organizational age
and executive team traits. Specific marketing
marketing controls entailed the capture of
baseline marketing performance, brand
strength, customer base characteristics, and
marketing budget levels.

The application of certain variables
comprised of scope of  project
implementation, term of its implementation,
quality of vendor and investments in change
management on behalf of the organization.
These controls were added to the statistical
models in order to isolate Al implementation
effects to be distinguished by larger
organizational, market, and temporal factors.
Statistical analyses were conducted using
hierarchical linear modeling to account for
nested data structures, with quarterly
observations nested within organizations and
organizations nested within industries.

. We have tested various model
specifications with linear, quadratic, and
interaction terms to investigate whether the
effects of Al were dependent on
organizational traits, industry, or the nature
of implementation. Robustness checks
included propensity score matching to
address selection bias, instrumental variable
estimation based on regional Al adoption
rates, difference-in-differences  models
comparing early and late adopters, and
regression discontinuity designs exploiting
budget thresholds influencing Al adoption.
The computational content analysis
component examined marketing
communications produced by organizations
within the sample. We gathered longitudinal
samples of marketing material such as web

content, social network posts, e-mail
communications, advertisements, and
product  descriptions at both  pre-

implementation, implementation, and post-
implementation. The corpus comprised
approximately 2.4 million individual
marketing messages We created machine
learning classifiers that were trained to detect
Al-generated content and human-created
content on two dimensions, deployment
intensity and content quality. Linguistic

features 1identified by natural language
processing methods were lexical diversity,
sentiment  distributions,  personalization
marks, brand voice consistency, and message
complexity. The visual content
characteristics were evaluated in computer
vision analysis of organizations that
implemented Al in creative production.
Comparative analysis was used to determine
the content characteristics at different stages
of implementation and the association
between content attributes and performance
results.

The operational functioning of Al systems
was evaluated through algorithmic auditing.
In collaboration with organizational partners
that are ready to grant access to the system,
we did fairness audits to evaluate whether
algorithms  had  biases  concerning
demographic characteristics, transparency
audits to assess the interpretability of the
model, and performance validation audit to
assess the accuracy of prediction by the
algorithms across consumer groups. We
reviewed 47 individual Al marketing
systems in 38 institutions, which reported the
nature of algorithmic properties, data source,
decision-making method, and output format.
Our perception of the affected marketing
results and organizational experiences that
were shaped by the decisions made in
algorithm design were taught by audit
findings.

The qualitative research aspect entailed in-
depth interviews on 127 people in 42
organizations that were chosen as a
representative of various implementation
outcomes, types of organizations and
industry situations. Interview participants
included 31 chief marketing officers or
similar executives, 28 directors of marketing
analytics, 24 data scientists of marketing
applications, 19 creative directors, and 25
consumers of companies using Al marketing
technologies. The interview protocols
examined participants’ understanding of Al
capabilities and limitations , how they put Al
marketing systems into practice or used Al
marketing systems, what their experiences

341



Applied Sciences, Computing and Energy, 2024, 1(1), 336-355

during Al marketing system use and
adoption, particular challenges and issues,
how they evaluate the effect of Al on
marketing performance and consumer
relations.

Interview recordings were professionally
transcribed and analyzed using thematic
analysis grounded in the principles of
grounded theory (Braun & Clarke, 2006).
(Braun and Clarke, 2006). preliminary
coding schemes were deductively developed
based on theoretical literature about Al,
marketing and organizational change and
improved these inductively as trends were
observed during data analysis. Categories
were coded to reflect the technological
dimensions (algorithmic capabilities, data
infrastructure, system integration),
organizational dimensions (skills, processes,
culture, leadership), marketing specific
themes  (creativity,  strategy,  brand
management, consumer understanding), and
consequence  dimensions  (performance
impacts, unintended consequences, learning
processes). All transcripts were coded by two
researchers who met regularly to discuss the
interpretations and clarify the differences of
view. Final inter-coder reliability was
calculated using the Cohen kappa and was
above 0.81 in all the major categories of
coding.

Comparative case analysis was conducted on
16 organizations selected as matched
industry pairs that implemented similar Al
technologies but achieved divergent
outcomes. In both pairs, we performed a
process tracing in detail to find junctures
where the decision on implementation, the
reaction of the organization, or the effect of
the environment determined the outcome
trajectories. The sources of data on the case
analysis  were the inner  project
documentation, the recordings of the
meetings, the system performance logs, the
data on the consumer feedback, and the
interviews with the key participants. The
search of patterns within cases was
systematically done to stay sensitive to
contextual aspects and causes that may

restrict the application of the research
beyond a particular context.

Several methodological limitations should be
acknowledged. that need to be mentioned.
One, our sample will not include
organizations that have already given up on
Al marketing programs before significant
implementation can be measured, which may
be underreporting failure rates and the
importance of implementation barriers in
project termination. Second, performance
measurement is based in part on self-reported
data but we reduced this using triangulation
among various informants and in
independent verification where feasible.
Third, the 24-month observation period,
although non-negligible, might fail to reflect
the effects in the long term that will become
apparent as Al systems continue to develop
and market conditions are adjusted. Fourth,
the swift nature of Al technologies implies
that what we have captured is based on what
is possible at the time we carried out our
study, and new technologies can change
ensuing dynamics that we describe. Fifth,
companies that volunteered to take part in a
study might not be the same as those that
refused to take part in the study
systematically, a factor that suggests a
possibility of selection bias.

Despite these limitations, the methodological

design provides substantial analytical
leverage for examining the effects of Al on
marketing ~ communication,  consumer

insights, brand positioning, and business
growth. Quantitative  breadth, the
computational content analysis, technical
system auditing, and the qualitative depth is
integrated, allowing to discover both
generalizable patterns and case-specific
mechanisms. The subsequent sections
present the empirical findings derived from
this integrated analytical framework.

3.0 Results and Discussion

3.1 Consumer Insights and Machine
Learning Analytics

Analysis of consumer insight generation
indicates that machine learning analytics
significantly improve segmentation
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accuracy, insight timeliness, and pattern
detection capability , in contrast to traditional
market research methods. Companies in the
highest performance quadrant recorded an
average consumer segment prediction
accuracy of 73.4 percent on holdout
validation samples, which is against the 48.7
percent reported by companies that use
traditional segmentation techniques. The
difference of 24.7 percentage points is
directly translated into effectiveness in
targeting since more accurate segments allow
targeting messages and optimization of
resources allocation.

Table 1 presents regression analyses
examining the relationships between Al

analytics characteristics and consumer
insight performance dimensions. Breadth of
data integration, that is, the wvariety of
consumer data sources utilized by machine
learning models

, emerges as the strongest predictor

of the quality of insights. Organizations that
were able to incorporate behavioral data,
transactional data, social media usage,
customer service interactions, and third-
party demographic data into single consumer
profiles realized a 18.3 percentage-point
improvement in segmentation accuracy
compared to companies who analyzed
individual data silos (p < 0.001).

Table 1: Machine Learning Analytics Impact on Consumer Insight Performance

Al Analytics Characteristic Segmentation

Accuracy (%)
Data integration breadth 18.3%**
(comprehensive vs. limited) (2.7)
Algorithmic sophistication 12.6%**
(advanced vs. basic) (2.1)
Real-time processing 9.4%*
capability
(real-time vs. batch) (1.8)
Human-AlI collaboration 14. 7%
quality
(high vs. low) (2.3)
Transparency mechanisms 7.2%%
(transparent vs. opaque) (1.6)

Insight Prediction Stakeholder
Speed Accuracy Satisfaction
Improvement (Holdout) Score(1-10)
156% 22 1%#* 2.4%%*
(23%) (3.2) (0.3)
89% 16.4%%* .8H*
(18%) (2.6) (0.2)
203% 11.7%* 1.6%**
(31%) (2.1) (0.2)
67% 15.3%** 2.9%H*
(15%) (2.4) (0.3)
34% 8.6%* 2. 1%%*
(12%) (1.7) (0.2)

Note: N =214 organizations; 1,712 organization-quarter observations. Parentheses with
standard errors. There are models that control the size of the organization, industry, and
the initial marketing performance, and the period of implementation. ***p <0.001, **p

<0.01, *p <0.05.

Algorithms sophistication turns out to be a
major element, although less dominant.
Companies using sophisticated methods
such as deep learning, ensemble models and
reinforcement  learning  obtained an
improvement in accuracy of 12.6 percentage
points compared to those with simple

regression or clustering models (p < 0.001).
Nevertheless, the dimension is less than data
integration influences and indicates that
cramming all-inclusive data into
comparatively straightforward algorithms
can outweigh cramming restricted data into
elaborated models. This trend can be
compared to the machine learning mantra

,
o=
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that quality of data is superior to the intricacy
of algorithms in the majority of practical
applications.

The ability to run processes in real-time
creates significant value on the speed of
insight and helps organizations to identify
the emerging consumer trends and react to
market changes with speed that would not
have been possible with a traditional
research cycle. Organizations that had real-
time analytics took on average 203 percent
less time to generate an insight, turning
processes that once took weeks to detect
patterns into one almost instantaneous
pattern detection (p < 0.001). As qualitative
data show, the speed advantage is especially
beneficial in fast-moving consumer goods
markets and online retail shopping, where
the preference of consumers changes
quickly.

The quality of human-Al collaboration
exhibits positive relationships with all the
dimensions of insight performance.
Organizations that experienced well-
organised working procedures in which
marketing analysts provided translations of
algorithmic results, injected knowledge in
the domain to refine the models, and
combined the computational insights with
consumer intuition experienced better results
than those in which Al was regarded as an
independent initiative  that  generates
knowledge. The marketing analytics director
of a consumer electronics firm said: The
algorithm will tell us about segments we
otherwise would not have identified, but it is
the psychological interpretation of those
segments, which our department will make
actionable. We have come to understand that
Al and human expertise outperform either.
Fig. 1 shows how the extent of data
integration and accuracy of consumer insight
at various levels of algorithm sophistication.
The trend indicates the significant
interaction effects: complex algorithms do
not add much value when data integration is
weak, and their values become evident when
extensive data is available to conduct
complex models. On the other hand, even

simple algorithms work reasonably well with

high  data  heterogeneity, although
sophisticated methods provide incremental
improvements.

The comparative analysis of cases sheds
light on the mechanisms of these patterns.
Two cosmetics retailers used the same
vendor and with the same algorithmic
capabilities to implement consumer insight
platforms. Retailer A made an enormous
investment in data infrastructure, combining
point-of-sale  transactions, e-commerce
behavior, loyalty program data, social media
interactions  and  customer  service
interactions and purchased demographic
attribute data into single consumer profiles.
Another tactic the company employed was to
create cross-functional teams in which
marketing analysts, data scientists, and brand
managers collaborated in interpreting Al-
generated insights and converting them into
marketing strategies. Segment prediction
accuracy reached 76% after 18 months,
enabling  highly targeted marketing
strategies. Retailer B adopted the same Al
platform but approached implementation
primarily as a technology initiative.

The system was still bipolar because the
consumer profiles were separated on a
system and e-commerce and physical retail
data were separated in different databases.
The output of Al-generated segmentation
was made available to the marketing teams,
though they never understood the underlying
logic or abilities to make an efficient
interpretation of the results. The segments
were statistically valid, but they were not
consistent with the intuitive
anthropomorphism of the marketers of the
types of customers, which created an
element of scepticism and opposition. In 18
months, the retailer remained largely
dependent on traditional demographic
segments, and Al platform was able to
provide reports that executives were aware
of but never acted upon. Segment prediction
accuracy was only 52 percent which is
slightly higher than pre-Al methods.

344



Applied Sciences, Computing and Energy, 2024, 1(1), 336-355

90

80

704

60

50 {

ConsumerSegmentPredictionAccuracy(%)

40

Basic Algorithms

Intermediate Algorithms

— Advanced Algorithms

T T
2 4

T T T
6 8 10

Data Integration Breadth (1-10 scale)

Fig. 1: Prediction accuracy of consumer segments during data integration across the
breadth of data integration and sophistication of the algorithm. The lines are the
projected values of the interaction-based regression model. Darker areas show the 95%
confidence intervals. Data integration rated 110 on the basis of variety of sources of
integrated consumer data. The level of algorithmic sophistication can be categorized as
basic (regression, clustering), intermediate (random forests, gradient boosting), or

advanced (deep learning, ensemble methods).

3.2  Al-Enabled Brand Positioning and
Equity

The result of brand positioning shows more
subtle trends than consumer insight,
indicating the conflicts between evidence-
based optimization and the imaginative
brand strategy. The increase in brand equity
scores In top quartile performing
organization averaged 29.3 percent on
average over 24 months of implementation,
as compared to an average of 4.2 percent fall
in the bottom quartile organizations. Such
opposed conclusions were made even though
all organizations were implementing Al
technologies that are aimed at improving the

brand positioning, which means that the
strategy of implementation is more crucial
than the use of technology.

Table 2 includes the analysis of predictors of
success in brand positioning in the case of Al
implementation. The strongest predictor is
brand strategy integration, which measures
whether organizations established clear
brand positioning frameworks before Al
implementation or let algorithms refine
communications without strategic restraints.
Those organizations that applied Al
implementations, which were clearly
stipulated in the organization brand
strategies realized equity increase of 31.7
percent and those that viewed Al as an
independent positioning instrument realized
an average decrease in equity of 6.8 percent
(p <0.001).

Table 2: AI Implementation Factors and Brand Positioning Outcomes
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Implementation Factor Brand Equity Brand Competitive
Change (%) Awareness (%) Differentiation

Brand strategy integration 31.7%%* 24 3HHk 3.8%**
(strategic vs. autonomous) 4.2) (3.1) (0.4)
Creative-technical collaboration 23 .4%H* 19.7%** 2.9%%*
(high vs. low) (3.6) (2.7) (0.3)
Content consistency monitoring 18.9%** 14.2%* 2. 4%
(systematic vs. minimal) (3.1) (2.3) (0.3)
Personalization boundaries 21.6%%* 16.8%** 2. 7HH*
(defined vs. unconstrained) (3.3) (2.5) (0.3)
Consumer trust mechanisms 16.3%* 12.4%%* 2.1%*
(transparent vs. opaque) (2.7) (2.1) (0.2)

Note: N =214 organizations; 1,712 organization-quarter observations. Parentheses error
standards. Models would be used to regulate the strength of the brand at the starting
point, competition, marketing budget, and industry. Brand equity was measured with
multi-items of the validated scales. Competitive differentiation rated 1-7 among
independent brand consultants. ***p <0.001, **p <0.01, *p <0.05.

The quality of  creative-technical
collaboration is also predictive.
Organizations that promoted the successful
collaboration between creative teams and
data scientists gained equity returns of 23.4
percent versus slight gains or losses in
organizations that had creative and technical
operations working independently (p <
0.001). Qualitative evidence points to the
fact that cooperation allows creatives to
exploit Al knowledge without the need to
make algorithmic optimization ruin the
creative quality, emotional appeal, or
narrative coherence of the brand. One of the
creative directors of a high-end fashion
company said: “We educate our data
scientists in brand heritage and emotional
positioning and they educate us on how to
test creative ideas in a rigorous way. The
combination yields a strategically good and
creatively compelling campaign”.

The consistency of content monitoring
comes up as critical to ensuring brand
coherence in the case of Al-driven
generation or optimization of marketing
content at scale. Organizations with
systematic review systems to ensure the Al-
generated content corresponded to brand

guidelines accrued equity gains of 18.9
percent whereas those that permitted Al
production of content lost equity (p <0.001).
This observation indicates that the
effectiveness benefits of Al could be turned
into a liability when the amount of content
surpasses human curation responsibilities,
which results in brand discrepancy.
Personalization  boundaries are  the
boundaries set by organizations that dictate
the degree of personalization of brand
communications to individual consumers by
Al systems. In contrast to the presumption
that maximum personalization leads to
maximum effectiveness, we find that our
evidence shows that brand equity can be
broken when personalization is not restricted
to individualized messages which are
disjointed as a result of unconstrained
personalization. Companies that established
the frontiers of personalization that had core
brand components but modified the
peripheral message characteristics gained
equity returns of 21.6 percent (p < 0.001).
The inverted U-shaped pattern of the
relationship between content personalization
intensity and brand equity outcomes has
been presented in Fig. 2. Limited
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personalization will improve brand equity
because it reflects consumer knowledge and
applicability. However, excessive
personalization is associated with a drop in
equity, which is probably due to the fact that

hyper-customized messages damage brand
consistency and  provoke  consumer
suspicion about surveillance and
manipulation.
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Fig. 2: The change of brand equity as a variable of the intensity of Al-driven content
personalization. Curve is the forecasted values of quadratic regression model. The shaded
area is 2 95% confidence interval. Personalization intensity estimated based on automated
content analysis scoring level of customizing messages in consumer touchpoints. Brand
equity as a validated scale with both awareness, associations, perceived quality and loyalty

dimensions.

The comparative analysis of brand
positioning of luxury versus mass-market
brands sheds light on the moderating effect
of the context of brand positioning on the
influence of Al. Two luxury watch brands
have installed Al-based content
personalization technologies. Manufacturer
A incorporated a strong circle where all
customized content would keep within the
codes of luxury brands such as exclusivity,
focus on craftsmanship, reference to
heritage, and high standards in aesthetic
values. Al optimization was aimed at the
nuanced changes, such as prioritizing
technicalities  over  lifestyle  images
depending on the individual preferences, and
maintaining the original high-end luxury
segmentation. The brand equity grew by 27
percent and customer engagement was
improved by 41 percent.

Manufacturer B engaged in aggressive
customization such as price sensitive
messages to consumers with limited budgets,

volume discount messages, product
descriptions that focused on efficiency that
was against the luxury concept. Though the
conversion rate initially was improved, the
brand equity was down by 11 percent since
the brand was already rated as one that was
connected to accessibility and value but not
exclusivity or prestige. The customer
surveys showed that personalized messages
were incongruent with luxury brand
expectation and this resulted into cognitive
dissonance  that  undermined  brand
perceptions.

3.3  Marketing Communication
Effectiveness and Customer Engagement

The results of marketing communication
indicate a significant level of performance
enhancement by Al implementations in cases
where the implementation is carried out in
both technological and creative aspects. The
highest performing organizations in the first
s
,
‘vAV‘
7S5
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quartile of performance realized an average
customer engagement rate of 47.2, 38.6
percent conversion rate, and 52.3 percent
marketing efficiency (metrics of the outcome
per dollar spent). The bottom quartile
performers realized an  engagement
increment of 8.4, 11.2 and 14.7 percent
conversion and efficiency gains,
respectively.

Table 3 is a summary of the regression
analysis to determine marketing
communication performance drivers. The
use of Al to optimize content can become a

potent predictor, and companies applying
machine learning to experiment with and
optimize  creative aspects to  gain
engagement benefit by 34.8 percent
compared to those that use the conventional
creative development process (p < 0.001).
This optimization includes A/B testing at
scale, automated generation of creative
variations, and reinforcement learning
algorithms, which will keep on refining the
performance of the content by refining it
with new variations.

Table 3: AI Applications and Marketing Communication Performance

Al Application Customer Conversion Marketing
Engagement (%) Rate (%) Efficiency Gain
(%)
Al-enabled content 34.8%** 28.3%* 41.6%**
optimization
(comprehensive vs. limited) 4.7) (3.8) 5.3)
Predictive audience targeting 29 4xH* 31.7%** 38.2%**
(ML-based vs. rule-based) 4.1) 4.2) (4.9)
Real-time personalization 26.7H%* 24 1 %x* 32.4%%*
(dynamic vs. static) (3.8) 3.4) 4.2)
Conversational Al quality 22 3k 18.6%** 27 .8k
(advanced vs. basic) 3.4) (2.9) 3.7)
Cross-channel orchestration 31.2%** 277 4k 36.9%**
(Al-coordinated vs. siloed) (4.3) 3.7 (4.6)

Note: N = 214 organizations; 1,712 organization-quarter observations. Parentheses are
filled with standard errors. Models will adjust the performance of the base, the intensity
of the competitors, marketing budget, and the type of customer base. Interaction in
terms of click through, time spent on the site, and level of interaction. ***p <0.001, **p

<0.01, *p <0.05.

Similar performance 1is indicated by
predictive audience targeting based on
machine learning. Organizations that used
algorithms to find prospects with high value,
predict the likelihood to purchase and target
more efficiently showed a 31.7 percent
improvement in conversion rates compared
to the rule-based targeting strategies (p <
0.001). The benefit of using machine

learning is in its ability to identify nonlinear
patterns and complex interaction effects that
cannot be identified using manual targeting
regulations. A marketing director of a
financial services company observed:” Our
regulations saw clear opportunities, and
machine learning discovered concealed
trends in behavioral data that showed high-
value customers we had been missing. We
were able to build at a cost 40 percent down”.
X
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Dynamic message customization through
real-time personalization allows streaming
personalization according to real-time
consumer context, behavior and inferred
state. Organizations that had real-time
personalization infrastructure gained 26.7
percent in terms of engagement as compared
to organizations that used personalization,
which was based on historical data (p <
0.001). The value is based on relevance
improvement  because messages  are
customized according to the current
consumer requirements instead of using
preference profiles that may be old.

The quality of conversational Al, or the level
of sophistication of the chatbot or the virtual
assistant that communicates with customers,
is positively correlated with all the
performance metrics. Organizations that
implemented more sophisticated
conversational systems that employed
natural language understanding, context
awareness as well as multi-turn dialogue
management realized an engagement reward
of 22.3 percent compared to basic chatbot
applications (p < 0.001). Nonetheless,
qualitative  data indicates that bad
conversational Al generates ~ poor
experiences and frustrated customers leave
communications and form negative attitudes
towards brands. This implies a threshold
effect of conversational Al, in which low
quality thresholds need to be reached to
prevent harm, and quality above the
threshold does not increase, but results in
massive value.

The Al-based cross-channel orchestration
with the help of which messages in every
touchpoint are synchronized has proven to be
highly effective in terms of performance.
Organizations that used machine learning to
optimize message sequences, timing, and
channel selection using email, social media,
display advertising, and mobile apps was
able to gain 31.2 percent engagement (p <
0.001). Orchestration is a solution to the
consumer experience fragmentation
experienced in situations where the channels
are running autonomously, resulting in

disjointed consumer interactions that are
detrimental to marketing.
Fig. 3 presents the cumulative effect of the
performance of marketing communication
improvement with the introduction of Al into
organisations, which showed considerable
complementarities. Organizations that applied
many Al applications have higher performance
improvements than the sum of the effects of all
applications, implying that integrated use of Al
produces data sharing, process integration, and
integrated consumer knowledge
3.4 Business Growth Outcomes and Revenue
Impact

The business growth analysis indicates that
Al-based marketing yields significant
revenue effects, but its results can differ
significantly depending on the quality of
implementation and alignment.  Top
performers with the highest rate of growth of
revenues recorded increases that were on
average 23.4 percentage points over pre-
implementation baseline, customer
acquisition volumes grew by 47.8 percent
and customer lifetime value grew by 34.2
percent. The revenue growth of bottom
quartile players is growing only by 5.7
percentage  points, the amount of
acquisitions is growing by 12.3 percent, and
the lifetime value is increasing by 8.4
percent.

Table 4 gives an analysis of the connection
between the Al marketing capabilities and
the business growth outcomes. The table
indicates  that the combined Al
implementation of consumer insights, brand
positioning, and marketing communication
results in high growth rates than individual
implementations. In all three areas,
organisations that used Al earned 18.3
percentage points more revenue growth
when compared to organisations that used Al
in only one of the areas (p < 0.001). This
effect of integration represents the way
consumer-based insights of a product
influence the brand positioning, the
positioning influences the communication
strategy, and the effectiveness of
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communication leads to growth, which
makes reinforcing cycles in case Al
improves all these elements simultaneously.
Strategic alignment, which quantifies
consistency between Al potential and
general business approach, proves to be the
most predictive of growth. Companies that
had AI marketing investments in strategic
objectives such as market expansion,
deepening of customer relationship, or
competitive  differentiation had 21.7
percentage point greater revenue growth
than those that used AI in ad hoc fashion,
lacking strategic intent (p < 0.001). This
observation undermines the technology-first
implementation models in favor of a

viewpoint that business value of Al is
180

realized whereby technology is deployed to
well-defined strategic goals.

The quality of the data infrastructure
determines the result of the growth by
enabling the Al capabilities. Organizations
that had modernized their data platforms that
enabled a unified customer profile, real time
analytics and integration across systems
increased their revenue growth by 16.4
percentage points over those whose
infrastructure was legacy (p < 0.001). The
mechanism is based on data quality, access,
and integration defining whether Al
algorithms can get the comprehensive and
accurate information that is needed to work
effectively.
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Fig. 3: Performance improvement of marketing communication cumulatively by the
number of deployed Al applications. Bars indicate the mean performance index of the
engagement, conversion and efficiency. The error bars are 95% interval. The
performance improvement is not additive, and it has complementarities through the use
of Al applications. The performance of organizations having 4+ integrated applications is
2.3 times higher than those having single applications, which is greater than the sum of

the effects.
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Table 4: AI Marketing Implementation and Business Growth Outcomes

Al Implementation Pattern

Revenue Growth

Integrated deployment
(all domains vs. single domain)
Strategic alignment
(high vs. low)

Data infrastructure quality
(advanced vs. basic)
Organizational Al literacy
(high vs. low)

Ethical framework
implementation

Customer Customer
LTV
Rate Increase (pp) Acquisition (%) Change (%)

18.3%%* 41. 2% 20, 7%
(2.8) (5.6) (4.1)

21. 7% 38.4%** 32.6%**
(3.1) (5.2) (4.4)

16.4%%* 34 7H** 26.3%**
(2.6) (4.9) (3.8)

14.9%** 20 g#** 23 1%**
(2.4) (4.3) (3.5)

12.6%* 24 2% ** 19.4%*
(2.1) (3.8) (3.1)

(comprehensive vs. minimal)

Note: N = 214 organizations; 1,712 organization-quarter observations. Parenthesized
standard errors. Baseline growth, market conditions, competitive intensity and
marketing investment are models which are controlled. Growth in revenue in terms of
change in the percentage point in the annual growth rate. LTV = lifetime value. Pp =
percentage points. ***p <0.001, **p <0.01, *p <0.05.

Organizational Al literacy, which, most
importantly, is the knowledge of marketing
teams about Al capabilities and limitations,
is also significantly associated with growth
results. Organizations that invested in
training programs, employed data-literate
marketers and promoted technical-creative
cooperation gained 14.9 percentage points in
revenues compared to low Al-literate
organizations (p < 0.001). Literacy will allow
practitioners to recognize useful Al
applications, process the outputs of the
algorithms in the right way, and incorporate
Al insights into the decision-making process
in a productive manner.

There are positive links between growth and
implementations of the ethical frameworks,
and contrast As assumptions to the effect that
ethical restraints inhibit the performance of
business. Companies that created holistic
ethical codes of conduct related to the use of
Al such as equal rights policies,
transparency, and privacy enjoyed 12.6

percentage point higher revenue growth than
companies that have few codes (p < 0.01).
The mechanism must be related to the
consumer trust, where open and equitable Al
practices will create trust that will facilitate
customer relations and brand loyalty.

Fig. 4 introduces a synthesized framework of
the association between Al capabilities,
marketing  activities, and  business
performance.

The framework shows the way in which
machine learning analytics increase the
insights of consumers which informs brand
positioning which results in the marketing
communication which leads to customer
engagement and business development.
Imperatively, through the framework,
organizational elements such as strategy,
data infrastructure, literacy, and ethics are
identified as moderators in the realization of
the conversion of technological capabilities
into the value of the business

o
M

G



Applied Sciences, Computing and Energy, 2024, 1(1), 336-355

Machine Learning Consumer
Capabilities Insights

Predictive
Analytics

Natural Language
Processing

Computer
Vision

\J

-~

Brand /
Positioning

A

Customer
Engagement
Business
Growth

A

'“‘

Marketing <
—_— Communication 2

- ot . * *
[ Organizational Moderators I

Strategic Data Al Literacy
Alignment Infrastructure

Magnitude sgm of the influence
Thickness sgrownate magnitude of effects atmeta)

Fig. 4: Al-based marketing integrated framework that illustrates the interrelations
between machine learning capabilities, marketing activities, and business performance.
The arrows denote influence directions; the thickness shows the magnitude of the effects
of meta-analytic synthesis of all the models. Relationships between Al capabilities and
outcomes are moderated by organizational (strategy, data, literacy, ethics) factors.
Framework proves that the business effect of Al is mediated by increased marketing

performance instead of direct implications.

3.5 Implementation Challenges and
Success Factors

The analysis of qualitative data shows that
there are systematic implementation issues
that companies need to overcome in order to
achieve the potential value of Al. The most
mentioned barrier is data quality where 78
percent of participants of the interview cited
data issues as a major implementation
challenge. These issues are the incomplete
customer records, the inconsistency in the
definitions of the data in different systems,
biases in the historical data, which are
magnified by the algorithm, and privacy
restrictions, restricting access to the data.
Companies that conquered their data
difficulties invested in a well-thought-out

program of data governance, data quality
assurance measures, and data infrastructure
revamp instead of trusting Al algorithms to
manage the low-quality data underpinning.

Another urgent issue is talent gaps because
the marketing organizations cannot find
employees who can integrate technical
knowledge of Al with expertise in the field
of marketing. Just one out of every four
organizations said that they had adequate
talent within their organization to adopt Al
effectively and without massive external
assistance. Effective organizations have
managed talent discrepancies in various
approaches such as directed recruitment,
ongoing skill development, collaborating
with universities to create talent channels,
and creating viable partnership design
among marketing and data science groups.
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Organizational resistance was experienced in
64 percent of the implementations and this was
in the form of distrust in Al capabilities, job
displacement fears, and unwillingness to alter
practices that were used to the status quo.
Organizations that were able to overcome
resistance  prioritized managing change,
communication on the use of Al as an
augmentation rather than a replacement of
human judgment and showing early wins to
create confidence in the usefulness of Al. A
consumer packaged goods CMO said: “It was
positioned as providing superpowers to our
marketers to learn more about consumers and
build more effective campaigns, but not replace
human creativity. It was necessary that
reframing in order to achieve buy-in”.

4.0 Conclusion

This study demonstrates that Al-enabled
marketing communication and machine
learning—based analytics create substantial
value for consumer insight generation, brand
positioning, and business growth when
organizations effectively address
implementation challenges. Empirical findings

353

materializes when Al investments are aligned
with clear strategic priorities and supported by
robust data infrastructure, organizational
literacy, and responsible ethical frameworks.

Collectively, the findings position Al-enabled
marketing as a socio-technical system
requiring coordinated interaction among
machine learning capabilities, marketing
strategy, creative practice, organizational
structures, and consumer trust. Organizations
seeking to realize the full benefits of Al in
marketing should invest simultaneously in
technological systems, data ecosystems, talent
development, strategic integration, and ethical

governance  mechanisms  rather  than
prioritizing technological adoption alone.
Future research should examine the

longitudinal evolution of Al applications in
marketing as technologies mature, investigate
the long-term implications of Al adoption for
brand performance and customer relationships,
and explore industry-specific variations in Al
effectiveness  across  different = market
environments.
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